Computational and experimental investigation of the enzymatic hydrolysis of cellulose by Bansal, Prabuddha
 
 
COMPUTATIONAL AND EXPERIMENTAL INVESTIGATION OF 










A Dissertation  
Presented to 














In Partial Fulfillment 
of the Requirements for the Degree 
Doctor of Philosophy in the 














COMPUTATIONAL AND EXPERIMENTAL INVESTIGATION OF 


















Approved by:   
   
Dr. Matthew J. Realff, Advisor 
School of Chemical & Biomolecular 
Engineering 
Georgia Institute of Technology 
 Dr. Mark P. Styczynski 
School of Chemical & Biomolecular 
Engineering 
Georgia Institute of Technology 
   
Dr. Andreas S. Bommarius, Advisor 
School of Chemical & Biomolecular 
Engineering 
Georgia Institute of Technology 
 Dr. Joshua S. Weitz 
School of Biology 
Georgia Institute of Technology 
   
Dr. Jay H. Lee, Advisor 
Department of Chemical and Biomolecular 
Engineering, Korea Advanced Institute of 
Science and Technology (KAIST), and 
School of Chemical & Biomolecular 
Engineering, Georgia Institute of 
Technology 
 Dr. Ronald W. Smith 
Chevron Energy Technology Company 
   
  Date Approved:  August 24, 2011 
 
 
If you’re not prepared to be wrong, you will never come up with anything original 










To late Mrs. Shanta Bansal, late Mr. Miri Mal Bansal, Mrs. Anika Sur, late Mr. Arun 





There are many people who have directly or indirectly been helpful in both, the 
successful completion of this thesis, as well as making my years in Atlanta and Georgia 
Tech memorable. Though the few words in this section may not be able to convey my 
full gratitude to them, I will try my best to do so.  
 First and foremost, I would like to thank my advisors (in alphabetical order of 
first name): Dr. Andreas S. Bommarius, Dr. Jay H. Lee, and Dr. Matthew J. Realff. 
Working with three advisors, which seemed challenging at first, actually turned out to be 
very smooth, and fruitful too. The combination of their knowledge on various fields such 
as protein engineering, biocatalysis, systems engineering, and machine learning, gave me 
new insights into how protein engineering and the enzymatic hydrolysis of cellulose can 
be studied. In my years as a PhD student, I have also developed a lot professionally, and I 
am indebted to my advisors for that. I also thank them for believing in me, and advising 
me whenever I hit road blocks.  
I would like to thank my committee members, Dr. Ron Smith, Dr Mark P. 
Styczynski, and Dr. Joshua S. Weitz, for their constant input and review of my thesis 
work. Dr. Ron Smith and Dr. Jay H. Lee, who are present in California and South Korea 
respectively, have been very adjusting in agreeing to telephone conference at a time 
inconvenient to them. I would like to thank them for this. 
 Without Dr. Mélanie Hall, much of the work in this thesis would not have been 
possible. With her I have co-authored four publications so far, and will be submitting a 
fifth one in the near future. Not only did she contribute in terms of experimental data 
(sometimes on a short notice), she also guided me through the writing of my first paper, 
v 
 
and engaged in many productive research discussions. I am very grateful to her for all the 
help. 
 I would also like to thank Bryan J. Vowell, an undergraduate research student in 
the Bommarius lab, who was very instrumental in acquiring data with the cellulose 
hydrolysis and adsorption experiments, sometimes going above and beyond the call of 
duty. He was also patient enough to bear with me when I was getting trained on the 
experimental procedures. I also thank Yuzhi Kang, for helping with different assays and 
contributing ideas. I would also like to extend my thanks to Dr. Yanto Yanto, and 
Jonathan Park for collaborating on protein engineering of Old Yellow Enzymes. 
 I extend my thanks to all the members of the Bommarius and Lee group. With Dr. 
Wee Chin Wong, Dr. Farminder Singh Anand, Dr. Ugur Guner, and Dr. Nikolaos 
Pratikakis, I had many fun moments and intellectual discussions, both inside and outside 
of school. I also thank Dr. Rakshita Agrawal and Kevin Yeh for sharing office space with 
me. The Bommarius group members, alumni and current members, have been excellent 
colleagues and friends: Dr. Mélanie Hall, Dr. Thomas A. Rogers, Dr. Janna K. Blum, Dr. 
Yanto Yanto, Dr. Eduardo Vazquez-Figueroa, Andria Deaguero, Michael Abrahamson, 
Russell Vegh, Michael K. Rood, Jonathan Rubin, Jonathan Park, Yuzhi Kang, and Ryan 
Clairmont.  
Dr. Guhan Jayaraman, in whose lab I spent my last year at IIT Madras, guided me 
through my initial experiences of scientific research, and I would like to thank him for 
that. 
 I’d like to thank my family, and friends in Atlanta, USA, and India whose 
constant support and interaction made it possible for me to make it through some stressful 
vi 
 
times. Without Geetika Agarwal, Ankur Gupta, Ugur, Wee Chin, Farminder, Pramod, 
Prashant, Siddharth, Milky, Anil, Nitin Arora, Kalyan, Salil, Aritra, Ambarish, Nitesh, 
Tanushree, Rohan, Divya, Manoj, and many more, my stay in Atlanta would not have 
been so much fun. At this moment I would also like to remember my friends from IIT 
Madras (batch-mates, wing-mates, seniors, and the soccer team) and Chandigarh, with 
whom I spent some memorable times. Finally, the constant love and encouragement of 






TABLE OF CONTENTS 
Page 
ACKNOWLEDGEMENTS iv 
LIST OF TABLES xii 
LIST OF FIGURES xiv 
SUMMARY xviii 
CHAPTER 
1 INTRODUCTION 1 
1.1 Research contributions 6 
2 REVIEW OF KINETIC MODELS AND RATE HINDRANCES IN THE 
ENZYMATIC HYDROLYSIS OF CELLULOSE 8 
2.1 Introduction 8 
2.2 Model classes and classification 9 
 2.2.1 Empirical models 9 
 2.2.2 Michaelis-Menten based models 12 
 2.2.3 Adsorption in cellulose hydrolysis models 13 
 2.2.4 Models on soluble cello-oligosaccharides 19 
2.3. Rate limitations and decreasing rates with increasing conversion 26 
 2.3.1. Enzyme deactivation 27 
 2.3.2. Two-phase substrate 28 
 2.3.3. Substrate reactivity 31 
 2.3.4 Substrate accessibility 33 
 2.3.5. Role of fractal kinetics in cellulase kinetics 35 
2.4. Modeling synergism of cellulase components 40 
viii 
 
2.5. Models of pure cellulosic substrates and lignocellulosic substrates 42 
2.6 Conclusions 43 
3 ELUCIDATION OF CELLULOSE ACCESSIBILITY, HYDROLYSABILITY 
AND REACTIVITY AS MAJOR LIMITATIONS IN THE ENZYMATIC 
HYDROLYSIS OF CELLULOSE 45 
3.1. Introduction 45 
3.2. Materials and methods 47 
3.3. Results and discussion 49 
 3.3.1 Rate order and cellulose crystallinity 49 
 3.3.2 Micro-kinetic simulation to evaluate enzyme clogging as a first-
order phenomenon 52 
 3.3.3 Change in cellulose crystallinity and degree of polymerization along 
conversion 53 
 3.3.4 Macro-kinetic studies to identify rate limitations 55 
 3.3.5 Accessibility 59 
 3.3.6 Reactivity 62 
 3.3.7 Hydrolysability 64 
 3.3.8 Accounting for rate retardation and quantification of 
blocked/clogged cellulases 65 
3.4. Summary of changes in accessibility, hydrolysability and reactivity 67 
3.5. Prediction of rates using the developed kinetic rate law and role of 
clogging 69 
3.6. Conclusions 70 
4 MULTIVARIATE STATISTICAL ANALYSIS OF X-RAY DATA FROM 
CELLULOSE: A NEW METHOD TO DETERMINE DEGREE OF 
CRYSTALLINITY AND PREDICT HYDROLYSIS RATES 72 
4.1 Introduction 72 
4.2 Materials and methods 79 
 4.2.1 Data normalization 79 
ix 
 
 4.2.2 Calculation of the crystallinity index 79 
 4.2.3 Principal component analysis of X-ray spectra 80 
 4.2.4 Calculation of crystallinity index from principal components 82 
 4.2.5 Principal component regression (PCR) for predicting hydrolysis 
rates 82 
 4.2.6 Principal component analysis and principal component regression 
on the combined spectra sets of Avicel and FC 83 
4.3. Results and discussion 84 
 4.3.1 Phosphoric acid pretreatment of cellulose samples 84 
  
4.3.2 X-ray data normalization and calculation of crystallinity index 88 
 4.3.3 Principal component analysis of X-ray data and calculation of 
crystallinity index from the principal component scores 94 
 4.3.4 Validation of crystallinity calculation 98 
 4.3.5 Prediction of hydrolysis rates from X-ray data 99 
 4.3.6 PCA of Avicel and FC spectra sets together 101 
4.4. Conclusions 103 
5 COMPUTATIONAL ANALYSIS OF THE PROTEIN SEQUENCE SPACE: A 
NEW METHOD TO IDENTIFY TARGET MUTATIONS 105 
5.1 Methodology 107 
 5.1.2 Feature space 109 
 5.1.3 Reconstruction of protein sequences 109 
 5.1.4 Properties of the method 111 
5.2 Test case – Proteinase K 112 
 5.2.1 Application to proteinase K data 112 
 5.2.2 Comparison with consensus approach 114 
5.3 Test case – Old Yellow Enzymes 116 
x 
 
5.4 Application to family I of cellulose binding domains 119 
 5.4.1 Identification of mutations 119 
 5.4.2 Analysis of covariation in the library 120 
 
5.5 Non-negative matrix factorization 122 
5.6 Non-linear dimensionality reduction 125 
5.7 Conclusions 127 
6 CONCLUSIONS AND RECOMMENDATIONS 129 
6.1 Identifying rate limitations in the enzymatic hydrolysis of cellulose129 
6.2 Multivariate statistical analysis to determine the degree of crystallinity 
of cellulose 131 
6.3 Computational analysis of the protein sequence space to identify target 
mutations 131 
6.4 Recommendations for future work 132 
 6.4.1 Stochastic modeling and kinetic studies on lignocellulosic 
substrates and pure cellulases 132 
 6.4.2 Using multivariate statistical analysis on X-ray data for 
characterization of lignocellulosic substrates 133 
 6.4.2 Principal component analysis and other dimensionality reduction 
techniques for protein engineering 134 
APPENDIX A: EFFECTS OF DESORPTION PROCEDURE ON AVICEL 136 
APPENDIX B: EXPERIMENTAL PROCEDURE OF PURIFICATION OF CEL7A 
AND DETERMINATION OF  CHAIN ENDS PER AMOUNT OF 
SUBSTRATE 137 
APPENDIX C: EXPERIMENTAL PROCEDURES FOR CHAPTER 4 138 
APPENDIX D: SUPPLEMENTARY FIGURES AND TABLE FOR CHAPTER 4 140 
APPENDIX E: PROOF OF PRESERVATION OF CONSERVED AND 
PRECLUSION OF ABSENT RESIDUES AT A POSITION WITH 
PCA RECONSTRUCTION 144 
xi 
 
APPENDIX F: SEQUENCES FROM FAMILY I OF CELLULOSE BINDING 
DOMAINS AND THEIR SOURCE 145 
 
REFERENCES 147 






















LIST OF TABLES 
Page 
Table 1: Empirical, adsorption and Michaelis-Menten based, soluble cello-
oligosaccharides based, and jamming and fractal kinetics based models on 
enzymatic hydrolysis of cellulose. 21 
Table 2: Langmuir isotherma parameters and R2 of the statistical fit. 61 
Table 3: Published methods on the calculation of crystallinity index from X-ray spectra 
(for detailed explanations, the reader may refer to the original works). 76 
Table 4: Crystallinity values of Avicel in literature calculated from X-ray spectra (works 
reporting relative crystallinity values are not tabulated). 78 
Table 5: Crystallinity values obtained from various methods and corresponding 
hydrolysis rates of various phosphoric acid pretreated samples for a) Avicel 
and b) FC. Columns correspond to: 1 – Sample name, 2 (Acid) – Acid 
concentration (%), 3 (Rate) – Hydrolysis rate (mg/ml of glucose produced in 
the first 2 minutes), 4 – Cri (PCA) (%), 5 – Cri (All data) (%), 6 – Cri (LOO) 
(%), 7 – Cri (Avicel subtraction) (%), 8 – Cri (Segal method) (%) 1c, 9 – Cri 
(Segal method) (%) 2c. 87 
Table 6: Theoretical and calculated crystallinity indices for various mixtures of untreated 
Avicel and amorphous cellulose, obtained by the method developed in this 
work, and peak height method resp. 99 
Table 7: Data set size and parameter settings for proteinase-k data. 113 
Table 8: Ranking of mutations (first 12) and their effects. 113 
Table 9: Comparison of PCA mutations with those suggested by the consensus approach 
(most commonly occurring, in parentheses is the fraction of sequences having 
that residue), and the BLOSUM 62 matrix residues (scores in parentheses).115 
Table 10: Activities of twelve variants containing mutations in the first and second shell 
of flavin molecule. Color coding: black – comparable to WT, blue – greater 
than WT, red – less than WT. 117 
Table 11: Ranking of mutations in Cel7A CBD (ordered according to the weighted 
frequency). 119 




Table 13: Mutations at positions 1 – 18 in Cel7A CBD when information at positions 19 
– 36 is removed. 122 
Table 14: R2 values (1: fit between the spectra from equation 9 and the original spectra, 
2: fit between the spectra reconstructed from one PC and the original spectra) 





LIST OF FIGURES 
Page 
Figure 1: Conversion-time profiles of Avicel (a commercially available 60% crystalline 
cellulose) and phosphoric acid swollen cellulose (PASC, completely 
amorphous, generated by pretreating Avicel with phosphoric acid). 2 
Figure 2: Steps 1 to 4 for a cellobiohydrolase acting on a cellulosic substrate (not drawn 
to scale). For endoglucanases, steps 2 and 3 are different as it does not require 
chain ends to act on. 3 
Figure 3: Determination of Eads from the intersection of the mass balance equation and 
the Langmuir isotherm. 17 
Figure 4: Levenspiel plot (Levenspiel, 1999) (ln(dX/dt) vs. ln(1-X)) for a) Avicel and 
PASC with cellulase mixture, and b) Avicel hydrolysis with pure Cel7A and 
simulations with cellobiohydrolase. X – conversion, t – time. 51 
Figure 5: The stochastic model. Model parameters were set to: tf = 5, tp = 1, Pc = 0.001, 
Pp = 0.8. 52 
Figure 6: Cellulose crystallinity along conversion. Avicel® hydrolysis conditions: 
Cellulase/β-glucosidase 1:20 activity ratio, 20g/L cellulose, 50mM NaOAc 
buffer pH 5.0, 50 °C. 54 
Figure 7: Concept of cellulose substrate with total cellulose (red), accessible (yellow), 
and hydrolysable portions (green). Arrows indicate parts of the substrate, onto 
which the cellulases can adsorb, and between which they can change states. 56 
Figure 8: Experimental design: enzymes are washed off at a chosen conversion level, and 
adsorption studies and restart experiments are conducted to determine the 
changes in accessibility, reactivity, and hydrolysability. Vo is the initial rate 
measured in terms of glucose produced in 10 minutes. 58 
Figure 9: a) Maximum enzyme adsorption capacity ([E]ads, max), and adsorbed cellulase 
for enzyme loadings of 160 µg/mg and 320 µg/mg, b) Adsorption data 
(symbols) and fitted isotherms (solid lines) for various conversion levels. 60 
Figure 10: a) Restart rates vs. conversion levels for three enzyme loadings – 44 (▲), 80 
(♦), and 160 (■) µg/mg, b) Restart rates for various enzyme loadings, c) Restart 
rates as a function of adsorbed enzyme concentration for various conversion 
levels, inset shows normalized k as a function of conversion. 63 
xv 
 
Figure 11: Hydrolysability α for various conversion levels, and f for three enzyme 
loadings. α was calculated as ([G]sat/k)/[E]ads,max, where [G]sat is the 
saturation rate (glucose in 10 minutes, mg/mL). f was calculated as α/y = 
([G]sat/k)/[E]ads. 65 
Figure 12: Uninterrupted rates, and predicted and measured restart rates at different 
conversion levels. Rate – glucose produced in 10 minutes, mg/mL. 
Uninterrupted rates were calculated by fitting an empirical curve to the 
hydrolysis curve (see Materials and Methods). 67 
Figure 13: Normalized parameter values as a function of conversion. 68 
Figure 14: X-ray spectra of Avicel (upper spectrum) and amorphous cellulose (lower 
spectrum) with major crystal planes labeled with solid arrows. Dashed arrows 
show locations of intensity minimum in Avicel spectrum at 18° and intensity 
maximum in amorphous cellulose spectrum. 75 
Figure 15: X-ray spectra of various phosphoric acid pretreated Avicel samples a) before 
and b) after normalization. Hydrolysis rates are shown in parenthesis (mg/ml of 
glucose produced in the first 2 minutes of the reaction with cellulases). 86 
Figure 16: Hydrolysis rates of phosphoric acid-pretreated Avicel and FC vs. H3PO4 
concentrations used for pretreatment. Two different commercial phosphoric 
acid solutions (85% w/w) were used for FC and are shown in different colors. 
Note: two samples of FC obtained from these two undiluted solutions gave 
unexpectedly lower hydrolysis rates of around 7 mg/ml glucose in 2 min.; these 
points were not incorporated in the analysis. The samples were still shown to 
be amorphous (X-ray data) and one of them was taken as the reference 
amorphous cellulose. 86 
Figure 17: Correlation of the hydrolysis rates with intensities at different diffraction 
angles for the original spectra and the spectra reconstructed from PCA for 
Avicel. For FC the reconstructed curve was within the limits of -0.97 and 0.97 
(see Figure 32 in Appendix D). 90 
Figure 18: Calculated crystallinities vs. enzymatic hydrolysis rates: whole spectra in 
equations (9) and (10) (□), PCA (◊) and leave-one-out validation (LOO) ( ) 
for a) Avicel and b) FC. (Hydrolysis rates correspond to the amount of glucose 
produced in the first 2 min of the reaction with cellulases). The linear equations 
shown are the fits between degrees of crystallinity calculated with whole 
spectra and hydrolysis rates. 93 
Figure 19: Plot of a) first ten singular values and b) first principal component of Avicel 
and FC data sets. 96 
xvi 
 
Figure 20: Plot of 1st PC and 2nd PC scores vs. hydrolysis rates for a) Avicel and b) FC. 
(Hydrolysis rates correspond to the amount of glucose produced in the first 2 
min of the reaction with cellulases). The linear equations and the R2 values of 
the fit between first PC scores and hydrolysis rates are also shown. 97 
Figure 21: Normalized Avicel spectrum, reconstructed Avicel spectrum with one PC 
from the combined data set, and the contribution of the second PC to the 
Avicel spectrum. 103 
Figure 22: Illustration of the working of PCA based sequence analysis to identify target 
mutations. In yellow are shown the mutations upon mapping back to sequence 
space (note: this is just an illustration, not a real example). 107 
Figure 23: Framework of Liao et al. (2007) 112 
Figure 24: Weighted frequencies of the first 12 mutations. Positive mutations are 
underlined. 114 
Figure 25: Scores (normalized mean of weighted frequency) of mutations for various 
window sizes (Wsize). 116 
Figure 26: a) Activities of variants containing mutations in the first and second shell of 
the bound cyclohexenone, b) activities based on flavin occupancy. 118 
Figure 27: Weighted frequencies and their standard deviations in the different mutations, 
numbered according to Table 11. 120 
Figure 28: NMF RMSE for different runs - a) family I of CBDs, b) OYE data set. The 
number of dimensions are shown next to the RMSE value. 124 
Figure 29: a) Residual variance for Isomap, and b) Scree plot for PCA, when applied to 
family I CBD data set. 126 
Figure 30: Effects of the desorption procedure on adsorption and hydrolysis on Avicel.
 136 
Figure 31: Superimposed spectra of amorphous samples of Avicel (Avi2 - 82.37% acid-
pretreated, blue spectrum) and FC (FC1 - 85.00% acid-pretreated, red 
spectrum). For comparison FC pretreated with 81.71% phosphoric acid is also 
shown (FC4, green spectrum). 140 
Figure 32: Correlation of the hydrolysis rates with intensities at different diffraction 
angles for the original spectra and the spectra reconstructed from PCA for FC.
 141 
Figure 33: The Z matrix values of untreated and phosphoric acid treated Avicel (when 
divided by the standard deviation) plotted vs. the diffraction angles. 141 
xvii 
 
Figure 34: Calculated crystallinity index vs. theoretical crystallinity index for samples 
prepared by mixing Avicel and amorphous cellulose. Theoretical Cri = (Avicel 
fraction*CriC + amorphous fraction*5), CriC = 60% (The cellulose sample 
used for preparing the samples was found to be not completely amorphous and 
had a calculated Cri of 5%). The broken line is the y = x line. 142 
Figure 35: Plot of crystallinity index (%) as calculated with PCA on the combined data 
set vs. crystallinity index (%) as calculated with PCA on the individual data 










The enzymatic hydrolysis of cellulose to glucose by cellulases is one of the major steps 
involved in the conversion of lignocellulosic biomass to yield biofuel. This hydrolysis by 
cellulases, a heterogeneous reaction, currently suffers from some major limitations, most 
importantly a dramatic rate slowdown at high degrees of conversion in the case of 
crystalline cellulose. Elucidation of the major rate-limiting factors has been impeded by 
interaction of various substrate- and enzyme-related properties. In this thesis, 
computational as well as experimental studies have been pursued to extricate the causes 
of rate deceleration in the enzymatic hydrolysis of cellulose. To guide protein 
engineering on cellulases, cellulose-binding domains (CBDs), or in general on proteins 
for which there is not a high-throughput assay available, a novel method to suggest target 
mutations was developed. 
 An extensive review of literature on modeling enzymatic hydrolysis of cellulose 
has been provided (Chapter 2). Although the various hypotheses of rate-limiting factors 
that were employed to develop and validate these models have shed light on the possible 
rate hindrances, a unified picture of the mechanism of rate retardation in cellulose 
biohydrolysis is missing. Accumulation of works with invalid assumptions of Michaelis-
Menten kinetics and quasi-steady state, empirical factors accounting for rate decline, and 
conflicting reports on contribution of various rate-limiting factors to the rate decline has 
further slowed down the understanding of the rate limitations.  
 Applying experimental as well as computational tools, various rate limiting 
factors were screened to identify substrate accessibility to cellulases and hydrolysability 
xix 
 
(hydrolysable fraction of accessible substrate) as the major rate hindrances (Chapter 3). 
Reactivity, defined in terms of hydrolytic activity per amount of actively adsorbed 
cellulase, was observed to remain constant with conversion. Enzyme clogging was 
observed in the form of higher restart rates as compared to the uninterrupted rates.  
 Cellulose crystallinity is a major substrate property affecting the rates, but its 
quantification has suffered from lack of consistency and accuracy. Using multivariate 
statistical analysis of X-ray data from cellulose, a new method to determine the degree of 
crystallinity was developed (Chapter 4). Principal component analysis was also 
employed, to examine the high dimensional nature of the X-ray spectra. The method was 
successfully validated with leave-one-out validation, and with mechanically prepared 
cellulose samples of known crystallinity. It was also applied successfully to Cel7A 
(cellobiohydrolase I from Trichoderma reesei) CBD, and partially converted Avicel. A 
strong linear relationship between the degree of crystallinity and initial hydrolysis rate 
provided evidence of crystallinity as a major determinant of rates. 
  Cel7A CBD is a promising target for protein engineering as cellulose pretreated 
with Cel7A CBDs exhibits enhanced hydrolysis rates resulting from a reduction in 
crystallinity. However, for Cel7A CBD, a high throughput assay is unlikely to be 
developed since cellulose pretreatment requires long incubation times. In the absence of a 
high throughput assay (required for directed evolution) and extensive knowledge of the 
role of specific protein residues (required for rational protein design), the mutations need 
to be picked wisely, to avoid the generation of inactive variants. To tackle this issue, a 
method utilizing the underlying patterns in the sequences of a protein family has been 
developed (Chapter 5). The low dimensional topology of the sequences is identified via 
xx 
 
principal component analysis, and is used to look for changes in the sequence of interest 
such that it is closer to the identified manifold. These changes are picked as the mutations 
of interest. Since activity data is not employed, it is a case of unsupervised machine 
learning. This method was successfully shown to identify beneficial mutations in a 
literature data set. 
 The work presented in this thesis ranges from kinetic studies and statistical 
methods for studying cellulose biohydrolysis to applying data-mining tools for protein 
engineering, and is a good example of how heterogeneous biocatalysis can be improved. 
Finally, the conclusions are presented in the last chapter (Chapter 6), along with an 







Increasing demand of fuel and energy, concerns over greenhouse emissions, and 
independence from petroleum based fuels has led to a recent increase in interest in 
biofuels in the recent past. Lignocellulose, consisting of lignin, hemicelluloses and 
cellulose, is the largest naturally occurring carbon based material, and represents a major 
potential feedstock for biofuel. Ethanol derived from lignocellulose is produced via four 
major consecutive steps: pretreatment, hydrolysis, fermentation, and separation. For 
cellulosic ethanol to compete economically with gasoline and corn ethanol, major 
improvements have to be made in the enzymatic hydrolysis of cellulose (Galbe and 
Zacchi, 2002; Lynd et al., 2008; Sun and Cheng, 2002). According to the numbers in a 
recent design and economics study on biochemical conversion of lignocellulosic biomass 
to ethanol, enzyme contribution to the conversion cost (excluding feedstock cost) is about 
25% (http://www.nrel.gov/docs/fy11osti/47764.pdf). The major limitations in enzymatic 
breakdown of cellulose are high cost of enzymes, and slow rates of hydrolysis as 
exhibited in their dramatic slowdown at high degrees of conversion (Figure 1). This is not 
simply due to substrate depletion (Chapter 3). 
The cost contribution of cellulases per gallon of ethanol can be factored into two 
terms: $/gal ethanol = ($/enzyme)*(enzyme/gal ethanol). The cost contribution of 
cellulases can be reduced i) by improvements in cellulase expression,  the focus of many 
biotechnology companies (Schubert, 2006), ii) by improving the cellulase machinery 
itself through protein engineering (Himmel et al., 2007), and iii) by improving the rate of 
cellulose hydrolysis through optimization of reaction conditions via process engineering, 
accomplished in good part by rendering the cellulose substrate less recalcitrant to 
enzymatic action (substrate engineering). Advances in these three areas depend strongly 
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on the quantification of the key enzyme-substrate interactions and enzyme/substrate 




Figure 1. Conversion-time profiles of Avicel (a commercially available 60% crystalline 
cellulose) and phosphoric acid swollen cellulose (PASC, completely amorphous, 
generated by pretreating Avicel with phosphoric acid). 
 
 
Cellulose is degraded synergistically into glucose by three types of cellulases: 
endoglucanases (EC 3.2.1.4), that randomly cleave β-1,4-glycosidic bonds on cellulose 
chains away from chain ends, cellobiohydrolases (EC 3.2.1.91), that produce cellobiose 
by attacking cellulose from chain ends (Cel7A (cellobiohydrolase I), acts from the 
reducing ends, and Cel6A (cellobiohydrolase II) acts from the non-reducing ends of the 
cellulose chains) as well as β-glucosidases (EC 3.2.1.21) that convert cellobiose to 
glucose (Henrissat, 1994; Lynd et al., 2002; Rabinovich et al., 2002; Teeri, 1997; Zhang 
and Lynd, 2004). Biohydrolysis of cellulose, due its heterogeneous nature, involves more 




























1. Adsorption of cellulases onto the substrate via the binding domain (Ståhlberg et al., 
1991), 
2. Location of a bond susceptible to hydrolysis on the substrate surface (Jervis et al., 
1997) (chain end if cellobiohydrolase, cleavable bond if endoglucanase), 
3. Formation of enzyme–substrate complex (by threading of the chain end into the 
catalytic tunnel if cellobiohydrolase, to initiate hydrolysis) (Divne et al., 1998; Mulakala 
and Reilly, 2005), 
4. Hydrolysis of the β-glycosidic bond (involving cleavage of the β-glycosidic bond, 
cellobiose product expulsion from the active site and decrystallization) and simultaneous 
forward sliding of the enzyme along the cellulose chain (Beckham et al., 2011; Divne et 
al., 1998; Mulakala and Reilly, 2005), 
5. Desorption of cellulases from the substrate or repetition of step 4 or steps 2/3 if only 
the catalytic domain detaches from chain, 
6. Hydrolysis of cellobiose to glucose by β-glucosidase (if present in the enzyme 
mixture). In addition, product inhibition (Bezerra and Dias, 2005; Holtzapple et al., 1990; 
Xiao et al., 2004; Yue et al., 2004) and changes in the substrate properties along the 
course of hydrolysis affect the above steps. 
 
Figure 2. Steps 1 to 4 for a cellobiohydrolase acting on a cellulosic substrate (not drawn 
to scale). For endoglucanases, steps 2 and 3 are different as it does not require chain ends 
to act on. 
1. Adsorption
2. Find chain end









While the above mentioned steps are known to be the major ones, modeling cellulase 
kinetics has not been easy. This is mainly due to the unclear factors responsible for the 
rapidly decelerating rates along conversion (Figure 1), imposing additional layers of 
complexity from a kinetic modeling perspective. Studies have pointed to various 
interplaying phenomena resulting in the precipitous reduction in hydrolysis rates. 
However, determination of the dominant factors and their exact quantification still eludes 
the cellulose community. Mechanistic understanding of the enzymatic action on cellulose 
is further impeded by the fact that many models in the literature suffer from over 
parameterization (Sin et al., 2009), empirical factors to account for various enzyme and 
substrate properties, and invalid assumptions like Michaelis-Menten and quasi steady-
state conditions. More incisive kinetic studies are required to validate or refute the 
various rate limitation hypotheses. 
 The mechanism of cleavage of the β-glycosidic bond in the active site of the 
cellobiohydrolases and endoglucanases is well known (Schulein, 2000). Improvements in 
enzyme catalysis have mainly been guided by the engineering of the active site or amino 
acid residues identified as playing an important role. In the case of cellulases and their 
kinetics on insoluble lignocellulosic substrates, rate limitations cannot be explained 
solely by active-site considerations, mostly because of the heterogeneity of the substrate. 
Recently, it has been shown that pretreatment of cellulose with cellulose binding domains 
(CBDs) from Trichoderma reesei cellobiohydrolase-I (Cel7A) results in enhanced 
hydrolysis rates due to a reduction in crystallinity (Hall et al., 2011). This two pronged 
strategy of targeting the major rate determining substrate property with an agent that 
comes from the major cellulase component itself, has scope for further improvement 
through protein engineering of the Cel7A CBD. 
 Protein engineering for biocatalysts has developed in three major phases: first 
phase of rational design, second phase driven by directed evolution or combinatorial 
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design, and most recently, data-driven and computational protein design (Bommarius et 
al., 2011). Rational design is driven by structure-function relationships, where the search 
space is reduced by three dimensional structural considerations, improving the chances of 
a ‘hit’. Directed evolution (Arnold and Volkov, 1999) on the other hand, requires no 
knowledge of the protein’s three dimensional structure, and has emerged as a widely 
deployed tool in the last two decades. The most efficient and commonly used form of 
directed evolution is DNA shuffling (Crameri et al., 1998; Stemmer, 1994), where first 
random fragments are made from DNA templates for recombination to generate diversity, 
and then the DNA sequences (of protein variants) with improved function are chosen to 
further undergo evolution and recombination with the aim of achieving higher 
functionality.  
 Computational tools for improving directed evolution, utilizing data in form of 
sequence diversity, structures, and substrate specificities, have emerged recently with a 
lot of promise (Bommarius et al., 2011). Another recent data-driven approach involves 
advanced statistical tools or machine learning to help select variants for testing (Fox and 
Huisman, 2008). In this approach, a statistical model mapping the protein sequence space 
on to the functionality guides the mutation strategy. This approach becomes highly 
advantageous for engineering enzymes whose structural knowledge in not very well 
known (for rational design), or for which a high throughput assay is not available (for 
directed evolution). Essentially all the machine learning tools are predicated on being 
able to extract useful information about the sequence to function mapping from limited 
samples. This has been enabled by the drop in the cost and time of sequencing variants 
and the experimental ability to generate specific sets of mutants as opposed to relying on 
random generation techniques. 
 For Cel7A and Cel7A CBD, a directed evolution approach is unlikely to be 
successful due to the complexity of the function and size of the protein. This is coupled 
with the difficulty of establishing a high throughput assay, since cellulose pretreatment is 
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slow and involves a solid phase reaction with no cheap or reliable indicator of reaction 
progress. The rational approach is hampered by the lack of understanding of the rate 
limitations of cellulose degradation. 
Recent works on statistical protein engineering include: ProSAR (Protein 
Structure Activity Relationship) using partial least squares regression (Fox et al., 2007), 
probabilistic modeling for protein systems (Barak et al., 2008; Brouk et al., 2010; Nov 
and Wein, 2005), ‘Mt. Fuji’ type landscape model (Aita et al., 2001; Aita et al., 2000), 
and usage of multiple regression methods (Liao et al., 2007). One of the major 
bottlenecks for almost all protein engineering methods is the generation of the initial set 
of variants. Even some of the above-mentioned works, for which this step serves to 
provide the initial data set for model building, use directed evolution to create the first set 
of mutants. Under conditions of low throughput assays however, this may not be feasible. 
In spite of all the protein engineering efforts so far, systematic methods for identifying 
target mutations a priori to any experimental work remain elusive. Examples of 
published techniques that have shown promise include SCHEMA (Meyer et al., 2003), 
Rosetta (Siegel et al., 2010), and CASTing (Reetz and Carballeira, 2007). 
 
1.1 Research contributions 
A thorough survey of the literature on modeling enzymatic hydrolysis of cellulose 
(Bansal et al. (2009); Chapter 2) has provided a comprehensive overview and a critical 
analysis of current models, their basic assumptions, and their usefulness as well as 
shortcomings. Modeling and simulation studies in conjunction with experiments have 
been pursued in this thesis to screen the various hypotheses for causing the rate 
slowdown, and successfully quantify the contributions of the relevant rate hindrances 
(Chapter 3). 
 Cellulose crystallinity is one of the major substrate properties determining the 
hydrolysis rate and has been the subject of investigation in many studies (Bansal et al., 
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2009; Lynd et al., 2002; Zhang and Lynd, 2004). Although a number of methods to 
calculate the degree of crystallinity of cellulose from X-ray diffraction spectra have been 
published, different crystallinity values can be extracted using different analytical 
methods on the same spectrum (Park et al., 2010; Thygesen et al., 2005). To address this 
issue, a new data-driven method to determine the degree of crystallinity of cellulose from 
X-ray diffraction spectra was developed (Bansal et al. (2010); Chapter 4). This method 
was shown to give accurate and consistent crystallinity index values for pure cellulosic 
substrates, Cel7A CBD pretreated cellulose, and partially converted Avicel. It is now 
being extended by Yuzhi Kang in the Bommarius lab to lignocellulosic substrates. 
 In the absence of a high-throughput assay (required for directed evolution) and 
extensive knowledge of the role of specific protein residues (required for rational protein 
design), mutations for protein engineering need to be picked wisely, guided by some 
other methodology to avoid the generation of oversized libraries of mutants. A new 
method utilizing the underlying patterns in a protein family’s sequences has been 





REVIEW OF KINETIC MODELS AND RATE HINDRANCES IN 
THE ENZYMATIC HYDROLYSIS OF CELLULOSE 
 
(Parts of this chapter are reproduced from Bansal et al. (2009). Text is updated with 
works published since then) 
 
2.1 Introduction 
Experimental data on cellulose hydrolysis by cellulases point to various bottlenecks that 
contribute to decreasing rates with conversion. To deconvolute the data, mathematical 
modeling of the hydrolysis process is an important tool. Further improvement of cellulase 
kinetics will be guided by the relative importance of physical parameters of the model, 
such as those associated with adsorption or surface accessibility.  To find and alleviate 
bottlenecks, the kinetic and the physical parameters in the model have to be estimated 
correctly. Lee et al. (1980) reviewed the models published up to that point. Zhang and 
Lynd (2004) discussed the potential use of various models in literature, based on the 
number of substrate and enzyme variables considered. Both these articles concluded that 
to achieve a more detailed and phenomenological understanding of the hydrolysis 
process, more substrate and enzyme properties have to be considered in the kinetic 
models. While models which do so would be more robust, they would require more 
experimental data for validation due to the increase in the number of variables and 
parameters.  
 Product inhibition of cellulases (by cellobiose) is a phenomenon that can be 
quantified by independent experiments and can be alleviated with an excess of β-
glucosidase (Bommarius et al., 2008). The overall structure of the kinetic models of 
enzymatic hydrolysis of cellulose and lignocellulose is not affected by the inclusion of 
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product inhibition parameters. The phenomenon has been previously reviewed in 2002 
(Lynd et al., 2002) and 2004 (Zhang and Lynd, 2004), and the state of the art in modeling 
product inhibition has not advanced since then. Therefore, in this chapter, the various 
expressions used for product inhibition are not discussed. 
 
2.2 Model classes and classification 
As shown in Figure 1 (Chapter 1), cellulose hydrolysis by cellulases is heterogeneous in 
nature, making classical enzyme kinetics models an oversimplification. Based on the 
fundamental approach and methodology used, the models can broadly be divided into 
four classes: empirical models (2.2.1), Michaelis-Menten based models (2.2.2), models 
accounting for adsorption (2.2.3), and those models developed for soluble substrates 
(2.2.4.) (Table 1). In addition, there are a few models in the literature based on jamming 
and fractal kinetics (discussed in section 2.3.5). 
 
2.2.1 Empirical models 
Though empirical models are not applicable outside the conditions under which they are 
developed and do not provide any insight into the mechanistic details of the process, they 
help in quantifying the effects of various substrate and enzyme properties on hydrolysis. 
Table 1A provides a list of empirical models in the literature, along with their predicted 
and independent variables. These empirical models have been generally used to correlate 
hydrolysis with either the structural properties of the substrate or with time. Empirical 
models can be helpful in numerous ways: 
 
a) They can help in understanding the interactions between the substrate properties. It has 
been shown that the effects of an individual substrate property such as crystallinity, lignin 
content, or acetyl content can depend on the levels of the other two (Chang and 




b) Empirical models can be useful for initial rate estimations, which are important for 
resuspension experiments (described in Section 2.3.3) and Lineweaver-Burk plots 
(Lineweaver and Burk, 1934) used in the Michaelis-Menten models. The rate of 
hydrolysis decreases continuously over time and to extrapolate the rate to time zero, an 
empirical formulation is needed. This can be illustrated by the empirical expression 
developed by Ohmine et al. (1983), where the following equation was found to hold for 
Avicel (partially acid hydrolyzed microcrystalline cellulose) and tissue paper hydrolysis 
by the cellulase system from Trichoderma viride: 
 
 
                                                                 (1) 
                                                     
where P is the product concentration, So is the initial substrate concentration, vo is the 
initial rate, k is the rate retardation constant and t is time. 
For enzymatic hydrolysis of cellulose, to avoid the effects of product inhibition at 
product concentrations equal to zero, initial rates are plotted on the y axis vs. the 
reciprocal of the substrate concentration (in the Lineweaver-Burk plot) (Beltrame et al., 
1984; Gusakov et al., 1985; Huang, 1975; Maguire, 1977; Shen and Agblevor, 2008a). 
These initial rates can be estimated using empirical expressions, such as: 
 
i) Differentiating expressions by Sattler et al. (1989) (equation 2) and Koullas et al. 
(1992) (equation 4) with respect to time to get equations 3 and 5: 
Sattler et al. (1989): 
 











 a b-k t -k t




                                                                 (3) 
 
where Y is the concentration of hydrolyzed cellulose, Ca and Cb are concentrations of 
easily and difficult hydrolysable parts of cellulose respectively, ka and kb are the rate 
constants of the first order hydrolysis of easily and difficult hydrolysable parts of 
cellulose, t is time, dY/dt (t=0) is the initial rate. 
Koullas et al. (1992): 
 
                                                                          (4) 
 
                                                                          (5) 
 
where x is the conversion of cellulose to glucose, xmax is the maximum conversion, t1/2 is 
the time required for 50% conversion, t is time, dx/dt (t=0) is the initial rate. 
ii) Estimating vo in the expression by Ohmine et al. (1983) (see above, equation 1). 
 
c) When large data sets are available, statistical models can be used to optimize reaction 
conditions (Kim et al., 2008; Vásquez et al., 2007). Two examples employed response 
surface methodology to find optimal levels (to maximize cellulose conversion to glucose) 
of the operating conditions (pH, temperature, enzyme loading and solid percentage by 
Vásquez et al. (2007), pH, temperature and enzyme concentration by Kim et al. (2008)). 
Response surface methodology has also been used for optimizing cellulase mixtures 
(Berlin et al., 2007; Zhou et al., 2009a). Using steam-exploded corn stover as the 
substrate, Zhou et al. (2009a) optimized the composition of a mixture of T. viride 
cellulases (Cel7A, Cel6A, Cel6B, Cel7B, Cel12A, Cel61A and β-glucosidase) to 
maximize glucose production. O'Dwyer et al. (2008) developed a neural network model 
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to predict conversion levels as a function of crystallinity index, lignin content and acetyl 
content using data from 147 poplar wood samples. Such models which interpolate over a 
large range of the predicted and independent variables can be considered to have robust 
parameter values and can be useful for designing processes under various conditions. 
 
2.2.2 Michaelis-Menten based models 
The Michaelis-Menten scheme (Michaelis and Menten, 1913) is based on mass action 
laws that hold for homogenous reaction conditions and hence cannot be directly applied 
to the heterogeneous reaction conditions of enzymatic hydrolysis of insoluble cellulosic 
substrates. The excess substrate to enzyme ratio condition ([S] >> [E]), which is usually 
employed for the quasi-steady state assumption (Laidler, 1955; Schnell, 2003) is not 
achieved since the fraction of cellulose accessible for adsorption ranges from 0.002 – 
0.04 (Hong et al., 2007). The excess substrate condition, even if ever achieved initially, 
could not be retained at higher conversions as the substrate gets depleted. It has also been 
pointed out by Lynd et al. (2002) that the concentration of adsorbed cellulase depends on 
the substrate concentration and that dual saturation is possible by keeping the enzyme or 
substrate concentration high; these features are not characteristic of Michaelis-Menten 
kinetics. Cellulose hydrolysis is a heterogeneous reaction occurring on the substrate 
surface and is therefore a reaction occurring in dimensions less than three. For 
heterogeneous reaction systems, classical chemical kinetics assumption of uniformly 
mixed systems does not hold, resulting in apparent rate orders, time-dependent rate 
constants, and non-uniform concentration variation of reacting species in the fractal or 
dimensionally restricted media (Anacker and Kopelman, 1987; Kopelman, 1988; 
Kopelman, 1986). Such a behavior is termed fractal kinetics. Monte Carlo simulations 
have corroborated that the quasi-steady state assumption cannot be applied in these 
reaction systems (Berry, 2002). Conversion of cellobiose to glucose by β-glucosidase, 
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however, can be modeled by Michaelis-Menten kinetics since it is a homogeneous 
reaction. 
 However, Michaelis-Menten models in the literature fit the experimental data 
very well under the conditions they were developed. Bezerra and Dias (2004) have tested 
eight different Michaelis-Menten models against data of Avicel hydrolysis by T. reesei 
Cel7A for 24 different substrate-to-enzyme ratios. A model with competitive inhibition 
by cellobiose was found to fit the data best. Reasons for the decreasing rates such as 
nonproductive cellulase binding, parabolic inhibition, and enzyme deactivation were 
shown to be insignificant in comparison to substrate depletion and competitive inhibition. 
Another work on Avicel with a fungal cellulase system from T. viride (Ohmine et al., 
1983), however, had shown earlier that the same Michaelis-Menten model, incorporated 
with changes due to crystallinity and enzyme deactivation too, over-predicted the 
hydrolysis data. It was therefore suggested that either the kinetic scheme of the reaction is 
completely different or rate-retarding factors related to substrate heterogeneity are 
involved. The substrate heterogeneity factors are analyzed in section 2.3 (‘Rate 
limitations and decreasing rates with increasing conversion’). 
 
2.2.3 Adsorption in cellulose hydrolysis models 
Incorporation of adsorbed cellulase concentration into hydrolysis models has been 
achieved mainly in two ways: with the Langmuir adsorption isotherm, or with the help of 
kinetic equations. Fan and Lee (1983) observed constant amount of adsorbed cellulase 
per weight of cellulose along the hydrolysis and so a constant specific adsorption amount 
was used in their analysis. Movagarnejad et al. (2000) modeled the available number of 





An example of a model employing the Langmuir adsorption isotherm is the one 





where Eb is the bound enzyme concentration, Ef is the free enzyme concentration, Kad is 
the dissociation constant for adsorption, S is the substrate concentration, and Emax is the 
maximum adsorption capacity in amount of cellulase per amount of cellulose. 
An example of the models using kinetic equations for the amount of enzyme 








where E is the enzyme, Sc is the active cellulose, E*Sc is the enzyme-cellulose complex, 
CE is the enzyme concentration, CE*Sc is the enzyme-cellulose complex concentration, CSc 
is the active cellulose concentration, ksc1 is the adsorption constant on active cellulose, 
ksc2 is the desorption constant on active cellulose, and kp is the product formation 
constant. 
Some of the models (Al-Zuhair, 2008; Brown and Holtzapple, 1990; Converse et 
al., 1988; Drissen et al., 2007; Fan and Lee, 1983; Gan et al., 2003; Huang, 1975; Kadam 
et al., 2004; Lin et al., 2005; Moon et al., 2001; Nidetzky and Steiner, 1993; Peri et al., 
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instantaneous substrate-enzyme complex formation (fully productive adsorption), so the 
adsorbed amount of cellulase is the same as the amount of substrate-enzyme complexes. 
Some others (Asenjo, 1984; Converse and Optekar, 1993; Ding and Xu, 2004; Holtzapple 
et al., 1984; Liao et al., 2008; Luo et al., 1997; Ryu et al., 1982) assume an additional 
kinetic step on the substrate surface after cellulase adsorption, as did Luo et al. (1997), 






where Ec΄ is the adsorbed enzyme on the active sites, C is cellulose, , K1 is the 
equilibrium constant, and Ec΄C is the cellulase-substrate complex. Brown and Holtzapple 
(1990) and Holtzapple et al. (1984) used the quasi-steady state assumption for the 
adsorbed enzyme and the substrate-enzyme complex species. 
While isotherms other than the Langmuir isotherm, such as the Langmuir-
Freundlich isotherm (Medve et al., 1997) and two-site models (Medve et al., 1998; 
Medve et al., 1997; Ståhlberg et al., 1991), have been shown to fit the data, only the 
Langmuir isotherm has been used in hydrolysis models. However, the Langmuir isotherm 
should only be used as a mathematical expression since its underlying assumptions 
(reversibility, non-interacting adsorbed species, homogenous binding sites and uniform 
composition of adsorbed cellulase mixture) may not be valid in all situations (Zhang and 
Lynd, 2004). 
While using the Langmuir isotherm or any other mathematical expression for 
calculating the adsorbed amount of enzyme during hydrolysis, an implicit assumption is 
that the adsorption equilibrium is established very fast as compared to the hydrolysis step. 
According to Steiner et al. (1988), this assumption may not be valid under all 
 1K
c cE ' + C E 'C←→
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experimental conditions. The time to reach equilibrium adsorption has been estimated to 
be of the order of 5-60 minutes (Bader et al., 1992; Beldman et al., 1987; Ghose and 
Bisaria, 1979; Kim et al., 1994; Medve et al., 1998; Medve et al., 1994; Nidetzky et al., 
1994a; Ståhlberg et al., 1991; Steiner et al., 1988). Though the time required for complete 
hydrolysis of cellulose (100% conversion) is usually 25-100 hours (Bertran and Dale, 
1985; Bommarius et al., 2008; Gregg and Saddler, 1996; Nutor and Converse, 1991; Tu 
et al., 2007), the time for low conversion levels is two to three orders of magnitude lower 
(Bommarius et al., 2008; Hong et al., 2007; Nutor and Converse, 1991; Väljamäe et al., 
1998). Also, use of the same isotherm at all time points of the reactions assumes that 
adsorption characteristics of the substrate-enzyme system do not change. If both 
assumptions (equilibrium of the adsorption and a single isotherm valid for all conversion 
levels) hold true, then the amount of enzyme adsorbed per unit weight of the substrate 
can only increase (see below). 
 
Mass balance on the enzyme gives: 
S*Eads + Ef = Etot                                                                                                              (10) 
where S is the substrate concentration (g/L or equivalent units), Eads is the specific 
adsorption amount (g cellulase/g cellulose or equivalent units), Ef is the free enzyme 
concentration (g/L or equivalent units), and Etot is the total enzyme concentration (g/L or 
equivalent units). 
 
Therefore, it follows that Eads = (Etot - Ef)/S                                                                    (11) 
Eads is also given by the adsorption isotherm: 
Eads = EmaxKadEf/(1+KadEf)                                                                                              (12) 
Thus Eads is determined by the intersection of equations (11) and (12). As S decreases 
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cellulases during hydrolysis. Using paper sludge as the substrate, Shao et al. (2009a) 
modeled adsorption of cellulases by the rate equations 12 and 13, and found that the same 
adsorption parameters fitted the data till 65% conversion; whereas, Liao et al. (2008), 
who used lignocellulosic material from dairy manure as the substrate, represented the 
change in the adsorption constant by an empirical expression (in time) fitted to the 







where CE denotes cellulose enzyme complex, LE denotes lignin enzyme complex, rCE 
and rLE denote the rate of formation of cellulose enzyme complex and lignin enzyme 
complex respectively, σC and σL denote the adsorption capacities of cellulose and lignin 
respectively, kfc and kfl are the dynamic adsorption constants, [Ef], [Cf] and [Lf] are 






where a and b are empirical constants, t is time, and K is the adsorption constant. 
Nidetzky and Steiner (1993), who used four different cellulosic substrates 
(Sigmacell, Avicel, alpha-cellulose, cotton liners), represented the adsorption-desorption 
process over the conversion range as three phases: phase 1 where cellulases are adsorbed 
rapidly, phase 2 where desorption is linearly proportional to substrate conversion, and 
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phase 3 where desorption occurs at a very low rate. The three works mentioned here used 
different substrates and the validation of the adsorption model was done independent of 
the kinetic model, so that the differences in the adsorption model fitting cannot be 
attributed to the different natures of the overall kinetic models. Cellulases were the only 
enzymes used in these works, so the differences in adsorption characteristics cannot be 
expected to be due to enzymes but are mainly due to the different nature of the substrates. 
The adsorption characteristics can thus be substrate-dependent. 
 
2.2.4 Models on soluble cello-oligosaccharides 
Only a few models have been published on the cellulase hydrolysis of soluble cello-
oligosaccharides (Table 1 C). While these models can be used to describe the hydrolysis 
of soluble substrates, extension to insoluble substrates is not straightforward. This is 
mainly because of the heterogeneous nature of cellulase action on insoluble cellulosic 
substrates. The concentration and distribution of accessible chain ends in insoluble 
substrates is also not known, and is probably subject to improvements in measurement 
techniques that can detect chain ends and their parts accessible/exposed to enzymes. This 
is a critical property, especially when it comes to modeling cellulose hydrolysis as 
polymer degradation (Okazaki and Moo-Young, 1978). With a recent study claiming that 
cellulose hydrolysis leads to the production of cello-oligosaccharides that are possibly not 
degraded by endoglucanases and exoglucanases (Gupta and Lee, 2008), models on 









Recently, Ting et al. (2009) developed a stochastic model which gave insights into the 
modularity of the cellulases. The catalytic domain (CD) and the cellulose binding domain 
(CBD) were modeled as random walkers whose dynamics were coupled by the 
compression/expansion of the linker and lifting of cellulose chain from the substrate 





where x denotes the position of CD, r is the separation between the CD and CBD, P 
denotes the probability of CD being at position x (the first entry in the parenthesis) with 
separation r (second entry in the parenthesis) from the CBD at time t (third entry in the 
parenthesis), kC(r) is the transition probability per unit time (for the CD) to move towards 
the CBD to a distance of r-1 from r, kB+(r) is the probability of the CBD to move away 
from the CD to a distance of r+1 from r, kB-(r) is the probability of the CBD to move 
towards the CD to a distance of r-1 from r.  
 
The constants in the equations are then described by the energy dynamics arising from 
the compression/expansion of the linker, energy dynamics of hydrolysis, and chain 
disruption from the crystalline substrate surface. It was found that the linker 
flexibility/stiffness was an important factor governing the hydrolysis rates, as was the 
intrinsic hydrolytic activity of the CD. This is the first kinetic model which has attempted 
to explain the dynamics of the cellulose hydrolysis process by capturing the modular 
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Table 1 (A) Empirical models (BG – β-glucosidase) 
Table 1(A) (continued) 




Substrate Enzyme source  Validation range 
of conversion 









crop wheat straw 
T. reesei  <70% 
Ohmine et al. (1983) Conversion Time Avicel  T. viride >70% 
Sattler et al. (1989) Conversion Time, fractions 






Celluclast + BG 
(Novo, Denmark) 
>70% 




















Time Avicel T. viride <70% 






Time Avicel, pretreated 
Wilner hardwood 
T. reesei, T. 
viride 
>70% 
Parajó et al. (1996) Conversion Time, fractions 






T. reesei + BG <70% 
Tarantili et al. (1996) Conversion Time, maximum 
conversion, time 















Moldes et al. (1999) Maximum rate 
of cellulose 
conversion, 





























Santa Rosa, CA) 
+ BG 
>70% 

















Corn Stover Cellulase from 
NREL + BG  
>70% 
Kim and Holtzapple 
(2006) 
Hydrolysis 
yields of glucan, 
xylan and 
holocellulose 
Residual lignin Pretreated corn 
stover 
Spezyme CP 
from NREL + 
BG 
>70% 
















Table 1(A) (continued) 




Substrate Enzyme source  Validation range 
of conversion 
Berlin et al. (2007) Glucan to 
glucose and 

















O'Dwyer et al. (2008) Slopes and 
intercepts of the 









T. reesei >70% 























T. viride (Cel7A, 
Cel6A, Cel6B, 
Cel7B, Cel12A, 
Cel61A) + BG 
<70% 
(In bold are shown the assumptions regarding the decrease in rates) 
 
 
Table 1(B). Adsorption and Michaelis - Menten based models (M-M: Michaelis – 
Menten, PI – Product inhibition, QSS – Quasi Steady State assumption, Ads – Adsorption 
based approach, BG – β-glucosidase) 
Table 1(B) (continued) 











Ads, QSS Amorphous Solka 
Floc 
T. viride - >70% 
Suga et al. 
(1975) 
M-M Theoretical study 
Howell and 
Stuck (1975) 
M-M Solka Floc T. viride - <70% 
Maguire 
(1977) 




(then known as the C1 
enzyme) 
-  <70% 
Howell 
(1978) 



















Ryu et al. 
(1982) 
Ads, M-M Solka Floc, 
Avicel, adsorbant 
cotton 
T. reesei Accessibility 
decreases with 
increase in CrI 
<70% 
Fan and Lee 
(1983) 







Ads Solka Floc T. viride Only a fraction is 
available for attack 
<70% 
able 1( ) (continued) 
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Table 1(B) (continued) 











M-M Textile, cotton 
waste, pretreated 
pulp 
T. viride + BG - <70% 
Holtzapple et 
al. (1984) 
Ads, QSS Solka Floc T. viride + BG Accessibility is 










Wald et al. 
(1984) 
Ads, QSS, Apparent 
rate order 











































Pretreated wood T. reesei + BG Change in surface 






et al., 1993; 
Philippidis et 
al., 1992) 
Ads Alpha cellulose, 
cellobiose and 
gluconolactone 













Ads Avicel data from Woodward et 












Celluclast + BG (from 
Novo, Denmark) 
Enzyme desorption, 





Psuedo 2nd order 
reaction wrt 
substrate 





M-M Whatman no. 1 
Filter paper 
T. reesei (Cel7A, 
Cel6A, Cel 7B) +BG 
- <70% 
South et al. 
(1995) 
Ads Data of Nutor and 
Converse (1991) 
T. reesei Decrease in substrate 
reactivity 
>70% 
Luo et al. 
(1997) 




Enzyme deactivation >70% 





Moldes et al. 
(1999) 
M-M, Empirical Pretreated wood 
chips 
Celluclast (from Novo, 
Denmark) 
- <70% 
Schell et al. 
(1999) 
Same as Philippidis 




Iogen super clean 
cellulase 
Same as Philippidis 
et al., (1992) 
>70% 
Movagarneja
d et al. 
(2000) 
Ads, shrinking 




Celluclast + BG (from 
Novo, Denmark) 
Inactive complexes 
formed on substrate 
<70% 
l  ( ) ( ti ) 
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Table 1(B) (continued) 









Moon et al. 
(2001) 
Ads Alpha cellulose, 
ball milled and 
untreated steam 
exploded wood 







Ads Data from 




Cellulcast 2L + BG 
(from Novo, Denmark) 
Decrease in cellulose 
























Celluclast + BG (from 
Novo, Denmark) 
Inaccessibility of 





Evaluation of M-M 
models 
Avicel T. reesei (Cel7A) - <70%  
Shen et al. 
(2004) 
Ads Dried cotton, 





Ding and Xu 
(2004) 
Ads, QSS PASC, Avicel, 
PCS 
T. reesei (Cel7A and 
Cel7B) and H insolens 






Kadam et al. 
(2004) 
Ads Pretreated corn 
stover 
CPN commercial 
cellulase (Iogen Corp.) 
+ BG 
Substrate reactivity <70% 
Lin et al. 
(2005) 
Ads Cellulose powder 
101-F (Sigma, 
USA) 





Kipper et al. 
(2005) 










T. reesei (Cel7A, 
Cel6A, Cel5A) 
- <70% (Note: 
the purpose 
of the study 








Shin et al. 
(2006) 
M-M Alpha cellulose, 
ball milled and 
untreated steam 
exploded wood 
Data from Moon et al. 
(2001) (Celluclast + 
BG from Novo, 
Denamrk) 





Ads Pretreated spruce, 
pretreated sugar 
cane bagasse 









Ads PASC, Avicel, 
bacterial cellulose, 
cotton, filter paper 
Results compared with 
literature on T. reesei 
cellulase system 








from  Wood 
(1975) 
le ( ) (c ti e ) 
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Table 1(B) (continued) 









Drissen et al. 
(2007) 
M-M, Ads Avicel, Whatman 
Filter paper, wheat 
straw 
Cellubrix (Novozymes 






Peri et al. 
(2007) 











Same model as 




T. reesei + BG - >70% 
Al-Zuhair 
(2008) 




Aspergillus niger Two phase substrate <70% 













Ads, QSS Steam-exploded 
cotton gin waste 
Novozymes NS 50052  














Enzyme deactivation <70% 
(Shao et al., 
2009a; Shao 
et al., 2009b) 
Ads Waste paper 
sludge 
Spezyme CP 





Zheng et al. 
(2009) 
Ads Creeping wild 
ryegrass 






(Zhou et al., 
2009b; Zhou 
et al., 2009c) 




Levine et al. 
(2010) 
Ads Data of Medve et 
al. (1998). Avicel 
CBHI, EG2 Decreasing 
accessibility 
<70% 
Zhang et al. 
(2010) 
Ads, QSS Steam exploded 
wheat straw 
Crude cellulase powder 
(Shanghai Bio Life 
Science & Technology 
Co., Ltd.) 
Enzyme deactivation <70% 
Praestgaard 





T. reesei (Cel7A) Enzymes getting 
stuck at obstacles 
<70% 
(Podkaminer 
et al., 2011) 

















le ( ) (c ti e ) 
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Table 1(C) Models on soluble cello-oligosaccharides (DP - Degree of polymerization) 
Reference Substrates Enzyme source (pure 










Cellodextrins with chain lengths of 2 
(cellobiose) to 6 (cellohexaose) 
β-glucosidase from T. reesei 
Nassar et al. 
(1991) 




Dextran (polysaccharide with α-1,6-
glycosidic linkages) 
Endodextranase (from a Penicillium species from Sigma) and 
exodextranase from Arthrobacter globiformis 
Nidetzky et 
al. (1994c) 
Cello-oligosaccharides with DP up to 8 T. reesei (Cel7A and Cel6A) 
Harjunpää et 
al. (1996) 
Cello-oligosaccharides with DP 4 – 6  T. reesei (Cel6A) 
 
 
Table 1(D) Models on jamming and fractal kinetics 
Reference Substrate Enzyme source (pure 
component if any) 
Range of validation 
Väljamäe et al. (2003) Bacterial cellulose T. reesei (Cel7A, Cel5A) (<10%) (Note: The 
objective was to fit the data 
to find the parameter h, 
representing the fractal 
dimension) 
Xu and Ding (2007) Avicel and PASC H. insolens (Cel7A), T. reesei 
(Cel7A) 
>70% 
Wang and Feng (2010) Literature data (Bommarius et al., 2008; Borjesson et al., 2007; 




2.3. Rate limitations and decreasing rates with increasing conversion 
Even after alleviating product inhibition from cellobiose, cellulase activities and 
hydrolysis rates fall precipitously as the reaction proceeds (Bommarius et al., 2008). To 
be able to increase the rates, the various bottlenecks in cellulose hydrolysis need to be 
elucidated. 
The contributing factors to decreasing rates (other than product inhibition) 
accounted for in the existing models include (see Table 1): a) enzyme deactivation 
(2.3.1), b) biphasic composition of cellulose (2.3.2), c) decrease in substrate reactivity 
(2.3.3), d) decrease in substrate accessibility (2.3.4), e) jamming and fractal kinetics 
(2.3.5), and f) decrease in the synergism between cellulases (2.3.6). For substrates 
containing lignin and other non-cellulosic components, additional factors such as 
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inaccessibility caused by lignin and adsorption of cellulases to lignin will contribute to 
rate limitations; these aspects are discussed in section 2.5. 
 
 
2.3.1. Enzyme deactivation 
While enzyme deactivation has often been modeled as a first order process with respect 
to the total enzyme concentration (Caminal et al., 1985; Drissen et al., 2007; Ljunggren, 
2005; Luo et al., 1997; Moon et al., 2001; Oh et al., 2000; Philippidis et al., 1993; 
Philippidis et al., 1992; Schell et al., 1999; Shin et al., 2006) inactivation of the adsorbed 
enzyme only has also been considered (Converse et al., 1988; Gusakov et al., 1985; 
Howell, 1978; Lin et al., 2005; Scheiding et al., 1984). Gan et al. (2003) considered the 
loss of enzyme due to shear force. Shen and Agblevor (2008b), and Shen and Agblevor 
(2008a) assumed enzyme deactivation to be a second-order reaction. 
As an example of the enzyme deactivation of the adsorbed enzyme, Converse et al. 





where Ea is the actively adsorbed enzyme, Ed is the inactively adsorbed enzyme, and k1 is 
the inactivation rate constant, k2 is the reactivation rate constant. 
Enzyme deactivation has also been related to enzyme clogging in an erosion 
model (Väljamäe et al., 1998), where the cellobiohydrolases become stuck on the 
substrate surface when surrounding cellulose chains prevent further processive action. 
Jalak and Valjamae (2010) measured the observed catalytic rate constant (kobs), by diving 
the instantaneous rate by the concentration of cellobiohydrolases whose active site was 








observed to remain constant, whereas kobs decreased rapidly in the initial stages. As some 
fraction of [CBH]OA can be unproductively bound, the decrease in kobs was attributed to 
the increase in this fraction. According to the authors, in the initial ‘burst phase’, the 
cellobiohydrolases make a quick run hydrolyzing cellulose until they encounter an 
obstacle, resulting in unproductive binding. Based on the observation that the observed 
processivities of T. reesei Cel7A and Phanerochaete chrysosporium Cel7D were an order 
of magnitude lower than their intrinsic processivities, Kurasin and Valjamae (2011) 
concluded the number of catalytic cycles performed before desorption is limited by the 
obstacle free length on the cellulose chain. Recently, Praestgaard et al. (2011) modeled 
this phenomenon, and when fit to data with amorphous cellulose, could only explain the 
hydrolysis data in the initial stages. This implies that either there are more phenomena 
responsible for the rate decline, or that state of the art of modeling cellulose hydrolysis 
needs to be improved. 
Through restart hydrolysis experiments, Yang et al. (2006) also suggested 
stopping or slowdown of the enzymes on the substrate surface to account for the reaction 
rate slowdown. Eriksson et al. (2002) showed that thermal enzyme instability and product 
inhibition are not the major causes for the reduction in rates. The authors proposed a 
model where cellobiohydrolases encounter obstacles during their processive action while 
endoglucanases partially remove this hindrance by hydrolyzing the responsible cellulose 
chains. This study however, was performed with steam-pretreated spruce, a 
lignocellulosic substrate where non-cellulosic parts can also possibly act as obstacles to 
enzymes. 
 
2.3.2. Two-phase substrate  
Under the assumption of a two-phase substrate, the more reactive part reacts faster 
resulting in a decrease in its overall fraction and a concomitant decrease in the overall 
reaction rate with time. Some works suggested that the amorphous part of cellulose reacts 
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first (accompanied by an increase in crystallinity) (Chen et al., 2007; Gan et al., 2003; 
Lee and Fan, 1983; Mansfield and Meder, 2003; Medve et al., 1994; Ohmine et al., 1983; 
Ooshima et al., 1983; Szijártó et al., 2008; Väljamäe et al., 1999; Zhang et al., 1999), 
while constant (Cateto et al., 2011; Hall et al., 2010a; Lenz et al., 1990; Puls and Wood, 
1991) and decreasing crystallinity (Mansfield and Meder, 2003) along conversion have 
also been reported. Zhang and Lynd (2004), and Mansfield et al. (1999) reported this 
dichotomy as well. Hall et al. (2010a) showed that although cellulose crystallinity does 
not change with conversion, it is a key predictor of hydrolysis rates, and there exists a 
strong linear relationship between the initial rates and degree of crystallinity. One source 
of dissonance in the literature is the lack of techniques for consistent measurement of 
cellulose crystallinity, as highlighted in Park et al. (2010). With improvements in 
measurement techniques and calculation methods for cellulose crystallinity (Bansal et al., 
2010; Barnette et al., 2011; Park et al., 2009), the relationship between cellulose 
crystallinity and hydrolysis rates is expected to become clearer. 
Models assuming cellulose to be divided into crystalline and amorphous fractions 
have been proposed (Gusakov et al., 1985; Peiterson and Edward W. Ross, 1979; Ryu et 
al., 1982; Scheiding et al., 1984). These works, however, did not verify their assumptions 
by measuring the crystallinity of the substrate along conversion. Based on a Michaelis-
Menten scheme of the biohydrolysis of amorphous and crystalline fractions, Ryu et al. 
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where vmax΄΄ is the maximum apparent rate, vmax,c is the maximum rate for crystalline 
fraction, vmax,a is the maximum rate for amorphous fraction, KM΄΄ is the apparent 
Michaelis constant, KM,c is the Michaelis constant for crystalline fraction, KM,a is the 
Michaelis constant for amorphous fraction, andΦ  is the fraction of crystalline phase. 
The two-phase hypothesis, however, was emphasized to be a simplification of the 
true physical complexity of cellulose. Cellulose crystallinity was shown to affect the 
digestibility of cellulose by impacting its accessibility (Jeoh et al., 2007). In the same 
work, the specific activity of the adsorbed T. reesei Cel7A was higher on PASC 
(phosphoric acid swollen cellulose, amorphous cellulose) than on Avicel, implying either 
higher susceptibility of lesser crystalline cellulose towards hydrolysis or lesser non-
productive adsorption. Crystallinity, therefore, is not an independent substrate property 
and can affect accessibility and reactivity of the cellulose sample.   
It has also been assumed that a part of the substrate is inert, with the fraction of 
inert part remaining constant during conversion (Al-Zuhair (2008) – using CMC and 
wood shavings, Gan et al. (2003) – using cellulose). This fraction, however, was an 
assumed constant in the model equations. Models assuming a non-degradable fraction of 
cellulose have also been developed (Asenjo, 1983; Asenjo, 1984; Nakasaki et al., 1988). 
Based on the observation that 30% of the filter paper powder remained unreacted at long 
residence times (approximately 340 hours), Nakasaki et al. (1988) assumed the non-
degradable fraction to be 0.3. Asenjo (1983), and Asenjo (1984), however, assuming the 
non degradable fraction to be 35% for Solka-Floc (a pure cellulosic substrate), did not 
validate the assumption of a non-degradable fraction by fitting the model predictions to 
experimental data up to the maximum theoretical conversion achievable (65%). 
An empirical model by Parajó et al. (1996) took into account two parts of cellulose 
having different susceptibility towards enzymatic attack. According to Nidetzky and 
Steiner (1993), the presence of a) two parts of cellulose differing in their reactivity and b) 
a fraction of substrate that is non-degradable, are important factors affecting cellulose 
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enzymatic hydrolysis. Resuspension experiments (where enzymes are washed off the 
surface of the unreacted cellulose and the partially hydrolyzed substrate is subjected to 
cellulase hydrolysis under initial conditions) were used to show the existence of two 
fractions and the authors concluded that, though no physical property variation can 
explain the presence of two fractions, the possibility cannot be ruled out. Biphasic 
kinetics, however, seems unlikely to be the only cause for the rate slowdown. 
 
2.3.3. Substrate reactivity  
The change in substrate reactivity has been included in a number of models to explain the 
reduced digestibility of hydrolyzed cellulose, for both lignocellulosic and pure cellulosic 
substrates (Table 1B). Lee and Fan (1983) (pure cellulosic substrate) and Moon et al. 
(2001) (both pure cellulosic and lignocellulosic substrates) employed the initial 
hydrolysis rates from resuspension experiments of spent substrate to correlate ‘relative 





where φ  is relative digestibility, X is conversion, and n is a parameter fitted with the help 
of resuspension experiments. 






 n 1 - Xφ =
 nk(x) = k(1-x)  + c
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where k is the reaction rate constant for hydrolysis, x is conversion, k(x) is the reaction 
rate constant at conversion x, n is the exponent of declining rate constant, c is a constant. 
n and c were estimated by approximating k(x) by the ratio of rate/adsorbed enzyme and 
fitting it with equation to conversion (x). This expression was later used in modeling SSF 
with staged reactors and intermediate feeding of enzyme and substrate (Shao et al., 
2009a; Shao et al., 2009b). Based on the observation that the initial rates (for pretreated 
corn stover) followed a linear trend with the substrate concentration, Kadam et al. (2004) 




where Rs is substrate reactivity, S is substrate concentration, S0 is initial substrate 
concentration. 
Liao et al. (2008) also used a similar expression (equation 22), but the parameters 
were not determined by independent experiments, and the reason for the use of this 





where [C]eff is the concentration of cellulose available to enzymes, [C] is cellulose 
concentration, [C]0 is initial cellulose concentration, λ is a constant. ([C]/[C]0)
λ is 
equivalent to Rs in equation 21. 
Although the inclusion of the rate constant or substrate reactivity as a function of 
conversion may fit the data well, a physical interpretation of the constants in these 





















explained by the consumption of a more reactive fraction of the substrate (Hong et al., 
2007), leading back to the assumption of a biphasic substrate.  
Various studies have used resuspension experiments to study the reactivity of 
partially converted cellulose (Desai and Converse, 1997; Drissen et al., 2007; Gusakov et 
al., 1985; Hong et al., 2007; Kumar and Wyman, 2009; Lee and Fan, 1983; Ooshima et 
al., 1991; Väljamäe et al., 1998; Yang et al., 2006; Zhang et al., 1999). As pointed out by 
Lynd et al. (2002) in 2002, there was no consensus regarding the decline of reactivity as 
observed in these experiments. Post 2002, through resuspension experiments, Hong et al. 
(2007) and Drissen et al. (2007) observed a decline in reactivity whereas Yang et al. 
(2006) did not. Generalization from the above results becomes more difficult since the 
enzyme system and substrate used were different. Kumar and Wyman (2009) showed that 
trends in reactivity and accessibility based on restart experiments can vary between 
lignocellulosic substrates depending on the pretreatment method.   
 
2.3.4 Substrate accessibility 
Due to the insoluble nature of cellulose, large domains are not exposed to cellulases in 
the reaction mixture during the hydrolysis reaction. Accessibility of cellulose can be 
characterized on the basis of adsorption. Cellulases can adsorb only to the accessible 
portion of the substrate, and this fraction is calculated based on the maximum adsorption 





where Fa is the fraction of the β-glycosidic bonds accessible to cellulase, α is the number 
of cellobiose lattice occupied by the cellulase, Amax is the maximum adsorption 
concentration of cellulase, and anhydroglucoseMW  is the molecular weight of anhydroglucose. 
 
a max anhydroglucoseF =2 A MWα
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This fraction fell by approximately 50% from 0.002 until a conversion of around 85% 
(conversion of Avicel with T. reesei cellulase system) (Hong et al., 2007). In light of 
these findings, it might be important to take into account the reduced accessibility and 
adsorption capacity of the substrate as the conversion proceeds (also discussed in Section 
2.2). Ding and Xu (2004) have estimated the ‘kinetic accessibility’ of Avicel and PASC 





where [S]0 is the concentration of cellulose available to cellulases for productive 
adsorption, [S]t is the total concentration of cellulose, φ is the ratio of [S]0 to [S]t and 
represents the kinetic accessibility of cellulose. 





[E]0 denotes initial substrate concentration. At low [E]0, v0 is directly proportional to [E]0 
(i.e. v0=k[E]0)and at high concentrations v0 is constant. The intersection of v0=k[E]0 and 
v0 = constant gives [E]0
s. β (=39) the number of cellobiosyl units covered by an adsorbed 
CBH. 
The results showed that φ can be different for different cellulases for the same 
substrate, e.g. for Avicel, φ was 0.014 for Cel7A but only 0.0012 for Cel7B. The order of 




















The importance of productive adsorption can be illustrated by a simple analysis of 
the data from Zhang and Lynd (2005), and Hong et al. (2007): 
Accessible fraction of the β-glycosidic bonds in Whatman Filter paper (as 





where [C]r is the concentration of reducing ends, [C]b is the concentration of all β-
glycosidic bonds, [C]a is the concentration of accessible β-glycosidic bonds. 
If all the chain ends are occupied at maximum adsorption, there would still be a large 





As cellulose chains are hydrolyzed, the chains located below, which were not exposed to 
cellulases, can undergo hydrolysis. Based on this idea, accessibility parameters have been 
included in the rate equations (Al-Zuhair, 2008; Converse and Optekar, 1993; Gan et al., 
2003; Wood, 1975). It is not clear whether it is possible to classify a part of the substrate 
in just two categories: accessible and inaccessible. Accessibility as a substrate property 
could possibly be a continuous variable. 
 
2.3.5. Role of fractal kinetics in cellulase kinetics 
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Fractal kinetics is said to occur when reactions take place in spatially constrained media; 
such reaction conditions give rise to non-uniformly mixed reaction species, apparent rate 
orders, and time-dependent rate constants (Anacker and Kopelman, 1987; Kopelman, 
1988; Kopelman, 1986). Since cellulase hydrolysis of insoluble cellulosic substrates can 
be thought of as a one-dimensional heterogeneous reaction along a cellulosic fiber, it can 
result in fractal kinetics. Though reactions occurring on a supported catalyst can be 
modeled using Langmuir-Hinshelwood kinetics (Fogler, 2005), fractal kinetics must be 
considered for catalytic reactions involving diffusion of two species (for bimolecular 
reactions) on the non-ideal substrate surfaces (surfaces with obstacles resulting in 
segregation of species, non-uniform concentrations). 
Michaelis-Menten kinetics in fractal media was first studied using the power law 
formalism (Savageau, 1995), where the classical enzyme catalysis reaction (equation 29) 




where E is enzyme, S is substrate, ES is enzyme-substrate complex, P is product, k1 is the 
forward rate constant for the association of the enzyme and substrate, k-1 is the 
dissociation constant of the enzyme-substrate complex and k2 is the product formation 
rate constant. 
 




































where vp is the product formation rate, α1, α2and β1 are new constants introduced for the 
power law formulation, g1 and g2 are the apparent rate order with respect to E and S. 
Using Monte Carlo simulations, the classical enzyme kinetics scheme (equation 
29), has been studied in two dimensions in the presence of surface obstacles by Berry 
(2002). The fractal nature of the reaction system was shown to increase as the obstacle 
density was increased. k1 (rate constant of a bimolecular reaction requiring the diffusion 
of enzyme and substrate on the surface) was shown to decrease with time, whereas k-1 
and k2 were time-invariant, as the uni-molecular reaction did not require diffusion. It was 
also shown that the quasi-steady state assumption cannot be applied in these conditions. 
After adsorption, cellulases have to diffuse on the surface of the substrate to reach the 
reactive sites (a chain end in the case of cellobiohydrolases). The inaccessible and non-
reactive portions of the substrate can be considered as obstacles increasing the fractal 
character of the hydrolysis reaction. The first work to study cellulose hydrolysis by 
fractal kinetics was performed by Väljamäe et al. (2003). Using an empirical first-order 
product formation equation for cellobiose production (equation 34), the parameter h, 
which represents the fractal dimension, was shown to increase with increasing substrate 
concentration for Cel7A core protein (catalytic domain only) plus Cel5A endoglucanase 























where P(t) is the product concentration at time t, [S]o is the initial substrate concentration, 
k is the reaction rate constant, and t is time. 
It was thus concluded that the intact Cel7A acts in a 2-D surface phenomenon, 
where diffusion time would be expected to increase with increasing substrate 
concentration. Similarly, the action of the Cel7A core (catalytic domain) was stated to be 
a 3-D phenomenon since the diffusion time decreases with increasing substrate 
concentration.  
Contrary to the classical enzyme reaction scheme, the product formation step can 
also be diffusion-controlled since cellobiohydrolases have to process along the cellulose 
chain while cleaving β-1,4-glycosidic bonds. This was incorporated in the study by Xu 




where f is the fractal dimension, k2 is the product formation rate constant, [E] is the 
enzyme concentration, [P] is the product concentration, [S] is the substrate concentration, 
and Km is the Michaelis constant. The spectral dimension ds of a bimolecular reaction is 
defined by ds = 2(1-f) (Kopelman, 1988). Values of f were found to be 0.44 (ds=1.12) and 
0.22 (ds=1.56) for T. reesei Cel7A and H. insolens Cel7A respectively, implying a higher 
processive action for the T. reesei Cel7A. The effect of overcrowding of the enzymes 
















where j is the jamming parameter. The jamming parameter was found to be around 
0.0004.  
The above-mentioned two works are only semi-quantitative. They have, however, 
helped in understanding the role of fractal kinetics in enzymatic cellulose hydrolysis. 
There is no conclusive evidence on whether enzyme diffusion on the cellulose 
surface is rate-limiting for the cellulose hydrolysis process or not. By measuring the 
diffusion rates of Cellulomonas fimi cellulases on Valonia ventricosa microcrystalline 
cellulose, Jervis et al. (1997) concluded that the surface diffusion of enzymes was 
unlikely to be rate-limiting. According to the diffusion rates measured, each cellulase 
traverses several hundred lattice sites in a minute. These were compared with the 
hydrolysis rates of Cellulomonas fimi endoglucanase (CenA) on bacterial 
microcrystalline cellulose (BMCC) – 0.23 mol glucose/enzyme/min (Meinke et al., 
1993), which are lower than the diffusion rates. However, as the authors have stated, the 
importance of the diffusion step also depends on how the hydrolysable sites on the 
substrate are distributed. The substrate used in this work was highly crystalline; for other 
cellulosic substrates such as Avicel or Solka Floc, and those consisting of lignin and 
hemicellulose, it is possible that substrate heterogeneity and partial crystallinity result in 
rate-limiting diffusion rates. Since jamming occurs when there is overcrowding of 
cellulases on the substrate surface, it would be valuable to observe how the hydrolysis 
rates vary as the amount of adsorbed cellulase increases. Igarashi et al. (2006) measured 
the hydrolysis rates and specific activity of Cel7A from Trichoderma viride as its surface 
density was increased on cellulose samples from Cladophora and Halocynthia. The 
hydrolysis rates went through a maximum, whereas the specific activity declined 
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2.4. Modeling synergism of cellulase components 
A mixture of cellulase components, cellobiohydrolases and endoglucanases, has higher 
activity than the individual components alone (Beldman et al., 1988; Fujii and Shimizu, 
1986; Gusakov et al., 2007; Henrissat et al., 1985; Kleman-Leyer et al., 1996; Nidetzky et 
al., 1994b; Schell et al., 1999; Wood and McCrae, 1978; Woodward et al., 1988a; 
Woodward et al., 1988b). Modeling synergistic kinetics of the cellulases requires separate 
mathematical expressions for the individual components and the inclusion of cellulose 
chain ends as a variable in the model. The earliest of such models was proposed by Suga 
et al. (1975) for exo and endo-enzyme depolymerization of polysaccharides based on the 
Michaelis-Menten scheme. This model was extended by Okazaki and Moo-Young (1978) 
to include product inhibition and β-glucosidase activity. Based on these theoretical 
studies, DeanIII and Rollings (1992) developed a model that was inconsistent with 
experimental data at longer times. The following data were analyzed: conversion, 
polydispersity of polysaccharides, synergism, weight-averaged and number-averaged 
molecular weights of polysaccharides. Substrate and product inhibition, and enzyme 
deactivation were stated to be possible causes for the lesser predictive capability of the 
model at longer times. It is also possible that the model class by itself is not correct, 
therefore, as the authors themselves state, the above mentioned additional kinetic factors 
need to be incorporated in the models to ascertain the validity/invalidty.  
Using substrate concentration as the only substrate variable, Fujii et al. (1981) 
developed a model where the endo and exo activities were represented by Michaelis-
Menten expressions. The model was evaluated for carboxymethyl cellulose and 
hydroxylethyl cellulose (Fujii and Shimizu, 1986). Another Michaelis-Menten based 
model for synergism was proposed by (Nidetzky et al., 1994b) where an additional term 





                        
where v(E1,E2) is the hydrolysis rate in the presence of two enzymes E1 and E2, v(E1) and 
v(E2) are the individual hydrolysis rates, and vsyn.(E1,E2) is the synergistic hydrolysis rate. 
However, these models based on the Michaelis-Menten scheme have limitations, as 
discussed in the section 2.2.2 ‘Michaelis-Menten based models’. 
 Converse and Optekar (1993) took into account enzyme adsorption, degree of 
polymerization, and accessibility of the substrate to model cellulose hydrolysis by 
cellobiohydrolase and endoglucanase. The model matched the experimental data well till 
a conversion level of approximately 40% (data from Woodward et al. (1988b)). The 
adsorption and DP variations were not, however, validated by experiments. The degree of 
synergism, which was shown to go through a maximum as the cellulase concentration 
increased, has been explained by the ‘substrate inhibition’ phenomenon (Väljamäe et al., 
2001). At low surface coverage of the substrate (a condition achieved at high substrate 
concentration relative to enzyme), synergism is low as cellobiohydrolases do not benefit 
from the new chain ends created by endoglucanases. Substrate inhibition was also 
observed by Liaw and Penner (1990), and Huang and Penner (1991), but no implications 
of synergism were discussed. At high surface coverage (low substrate/high enzyme 
concentrations) competition among enzyme species for adsorption results in a decrease in 
synergism. Fenske et al. (1999) used Monte Carlo simulations for an enzyme that 
featured both endo and exo activity. Hydrolysis rates were shown to be lower at low 
surface coverage of the substrate due to the partial endo activity of the enzyme and went 
through a maximum as the substrate concentration increased. This phenomenon was 
termed ‘auto-synergism’. 
 A deeper understanding of enzyme synergism is needed to optimize the mixtures 
of endoglucanases and cellobiohydrolases. Since the adsorbed amount of cellulases is 
susceptible to change along conversion, it is crucial to study these variations and their 
 
1 2 1 2 syn. 1 2v(E ,E )=v(E )+v(E )+v (E ,E )
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implications on synergism. Experimental data that corroborate model predictions on 
variations in DP and chain size distributions are required to get accurate parameter values 
associated with these substrate properties. So far no work has successfully achieved such 
a validation. DeanIII and Rollings (1992) attempted to validate their model for non-
cellulosic substrates (dextran-polysaccharide with α-1,6-glycosidic linkages) but were 
unable to match the experimental data at longer residence times. As the reaction 
proceeded, a change in the type of pattern in the size distribution was observed (Kleman-
Leyer et al., 1994; Kleman-Leyer et al., 1996; Mansfield and Meder, 2003; Pala et al., 
2007; Rammos et al., 1993). This shows that the susceptibility of a substrate to enzymatic 
attack can vary with chain size. The complexity associated with the accessibility of the 
available chain ends on the heterogeneous substrate is clearly a key issue that needs to be 
addressed before depolymerization models become informative. 
 
2.5. Models of pure cellulosic substrates and lignocellulosic substrates 
Lignin reduces the accessibility of cellulose to cellulases and also adsorbs cellulases, 
resulting in lower hydrolysis rates (Mansfield et al., 1999). The effect of lignin content is 
also evident from numerous empirical models (Table 1). Since the presence of lignin can 
significantly affect the hydrolysis rates, models developed for pure cellulosic substrates 
cannot be extended to substrates having high lignin content. For example, in the presence 
of lignin, a two-phase model might be applicable, whereas for pure cellulosic substrate it 
is not apparent. Adsorption of cellulase and β-glucosidase onto lignin has been 
incorporated into a few models with rate equations (Shao et al., 2009a) (see equations 12 
and 13) and Langmuir isotherms (Ljunggren, 2005; Pettersson et al., 2002; Philippidis et 
al., 1993; Philippidis et al., 1992; Zheng et al., 2009). It was shown by Zheng et al. 
(2009) that their model did not match the experimental data if the negative role of lignin 
was ignored. Shin et al. (2006) accounted for the presence of non-cellulosic materials in 
steam-exploded wood by including an inhibition parameter. It has been shown that 
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cellulases having similar activity on pure cellulosic substrates can have different affinities 
for lignin (Berlin et al., 2005). Synergism results for pure cellulosic substrates might also 
be different for more realistic substrates since the affinity of various cellulases for non-
cellulosic parts can vary. Changes in crystallinity can also be affected by lignin (Zhang 
and Lynd, 2004), and hence the observation of crystallinity variations along conversion 
must be interpreted carefully. The extent to which crystallinity limits the enzymatic 
conversion of biomass into sugars can depend on the lignin level and vice-versa (Zhu et 
al., 2008). Since lignin is not degraded by cellulases, it can act as a barrier resulting in 
stoppage of the enzymes on the substrate. In terms of fractal kinetics, lignin and 
hemicellulose act as obstacles and hence increase the fractal nature of the reaction 
system. 
 Deeper understanding of the role of lignin in enzymatic digestion of 
lignocellulose and its interaction with enzymes is needed not just for improving 
pretreatment technologies but also for engineering enzymes that have lesser affinity for 
lignin (Berlin et al., 2005). This is possible through quantification and modeling of lignin 
contribution in various steps of the hydrolysis process. 
 
2.6 Conclusions 
Cellulase hydrolysis of cellulose is a reaction in heterogeneous medium. Classical 
homogenous enzyme catalysis is modeled by Michaelis-Menten kinetics and 
heterogeneous catalysis on a catalyst support, by Langmuir-Hinshelwood kinetics. 
Cellulase kinetics on insoluble lignocellulosic substrates is a combination of the above 
two kinds of reactions and also involves other factors (product inhibition, enzyme 
deactivation, substrate crystallinity, substrate accessibility changes, substrate reactivity 
changes, fractal nature of the reaction, changes in enzyme synergism, lignin inhibition), 
which result in retarding the rates at higher degrees of conversion. While the models in 
literature have not pinpointed the exact mechanism of enzymatic action on lignocellulosic 
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materials, they have helped in understanding the various factors that are at play. 
Additional insight will be made possible by models consisting of the major substrate and 
enzyme properties (substrate – concentration, DP, accessible fraction, size-distribution of 
chains, crystallinity; enzyme – individual component concentration, 
synergistic/competitive factors, and adsorbed concentration of individual components). 
However, due to the increase in the number of parameters, overparameterization resulting 
in unidentifiable parameters can be an issue (Sin et al., 2009). With the improvements in 
measurement techniques likes fluorescent detection of enzyme generated reducing ends 
(Kurasin and Valjamae, 2011), cellulose crystallinity determination methods (Bansal et 
al., 2010; Barnette et al., 2011; Park et al., 2009), and observation of cellulase movement 
on cellulose surface (Igarashi et al., 2009), this problem can be overcome.  It is clear from 
the research reviewed in this article that adsorption, substrate reactivity, and accessibility 
can change along conversion. Therefore, their dynamic nature must be taken into 
consideration when building models. The range of conversion for checking the predictive 
ability of a model is also important, since major slowdowns are observed at high 
conversions. Only one-third of the models reported have been validated with data beyond 
70% conversion (Table 1).  
 Improvements in enzyme catalysis have mainly been guided by the engineering of 
the active site or amino acid residues identified as playing an important role. In the case 
of cellulases and their kinetics on insoluble lignocellulosic substrates, rate limitations 
cannot be explained solely by active-site considerations, mostly because of the 
heterogeneity of the substrate. Information regarding the catalytic domain, the binding 
domain, and the linker region (the three domains of a cellulase) through advances in 
structural biology will certainly contribute to a more complete understanding of the 
operation of cellulases at the molecular level. Additionally, to significantly improve the 
enzymatic process, contributions of the various substrate characteristics need to be 




ELUCIDATION OF CELLULOSE ACCESSIBILITY, 
HYDROLYSABILITY AND REACTIVITY AS MAJOR 
LIMITATIONS IN THE ENZYMATIC HYDROLYSIS OF 
CELLULOSE 
 
(Experimental work associated with this chapter was carried out by Prabuddha Bansal 
and Bryan Vowell)  
 
3.1. Introduction 
Many hypotheses for the rapid decline in the rates of cellulose biohydrolysis have been 
proposed ((Bansal et al., 2009), Chapter 2) – enzyme inactivation (Caminal et al., 1985; 
Converse et al., 1988), changes in substrate accessibility and reactivity (Hong et al., 
2007; Kumar and Wyman, 2009), increase in cellulose crystallinity (Chen et al., 2007), 
depletion of cellulose chain ends for cellobiohydrolases (Hong et al., 2007), decrease in 
enzyme synergism, surface obstacles (Jalak and Valjamae, 2010; Kurasin and Valjamae, 
2011) and fractal nature of the substrate (Väljamäe et al., 2003; Xu and Ding, 2007). 
However, determination of the key factors and their quantification has remained 
experimentally challenging. Mechanistic understanding of the rate-limiting causes, and 
changes in cellulose-cellulase interactions with reaction time is further confounded by 
conflicting reports on evolution of parameters such as crystallinity, reactivity, and 
accessibility during the course of the reaction (Bansal et al., 2009; Kumar and Wyman, 
2009; Lynd et al., 2002).  
  In this thesis, results from both computational and experimental studies are used 
to sift through diverse hypotheses on rate limitations, and identify as well as quantify the 
major ones. Cellobiose product inhibition, which can be alleviated using an excess of β-
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glucosidase (Bommarius et al., 2008), was not considered in this thesis. Using model-
guided experiments, changes in accessibility (substrate available for cellulase 
adsorption), reactivity (hydrolytic activity per amount of actively adsorbed cellulase), and 
hydrolysability (reactive/hydrolysable fraction of accessible cellulose resulting in 
productive adsorption) were quantified on a pure cellulosic substrate (Avicel PH-101). 
Unproductive adsorption, which can be due to various reasons (lack of reactive sites, 
improper orientation of the cellulose chain with respect to the catalytic domain, 
inaccessibility of chain ends (Kongruang et al., 2004), substrate competition between the 
adsorbed enzymes, jamming (Bommarius et al., 2008), obstacles (Jalak and Valjamae, 
2010; Kurasin and Valjamae, 2011)), was hypothesized to be giving rise to the non-
hydrolysable fraction of the cellulose.  
 Reactivity is a term that has been used broadly in two different contexts – i) in 
kinetic models to explain the reduced digestibility of hydrolyzed cellulose (Bansal et al., 
2009), and ii) in restart experiments (where enzymes are washed off the surface of 
unreacted cellulose and the partially hydrolyzed substrate is subjected to cellulase 
hydrolysis under initial conditions) to study the rate of hydrolysis of partially converted 
cellulose at a chosen substrate and enzyme concentration (Desai and Converse, 1997; 
Drissen et al., 2007; Gusakov et al., 1985; Hong et al., 2007; Kumar and Wyman, 2009; 
Lee and Fan, 1983; Ooshima et al., 1991; Väljamäe et al., 1998; Yang et al., 2006; Zhang 
et al., 1999). Since the enzymatic hydrolysis of cellulose is a reaction involving cellulose 
as well as the enzyme, in this thesis the term ‘reactivity’ has been used to quantify the 
rate of hydrolysis for a productively bound cellulase on cellulose. 
 Overparameterization of models, which happens when only time conversion data 
is used for estimating parameters (Sin et al., 2009), was avoided by determining the 





3.2. Materials and methods 
Materials 
All chemicals and reagents were purchased from Sigma (St. Louis, MO, USA) unless 
otherwise stated. Avicel PH-101, cellulase cocktail from T. reesei (159 FPU/mL), and β-
glucosidase (from almonds, 5.2 U/mg) were obtained from Sigma and phosphoric acid 
(85%) was obtained from EMD (Gibbstown, NJ, USA). Trichoderma reesei QM9414 
strain was obtained from ATCC (#26921; American Type Culture Collection, Manassas, 
VA, USA). The BCA protein assay kit was obtained from Thermo Fischer Scientific 
(Rockford, IL, USA). 
 
Cellulose hydrolysis 
Cellulose (20 mg/mL) (Avicel or partially converted Avicel) was added to sodium acetate 
buffer (1 mL, 50 mM, pH 5) and allowed to hydrate for 1 hour at 50 °C and 900 rpm. The 
hydrolysis was initiated by the addition of β-glucosidase and cellulases and stopped by 
centrifugation at 4 °C, 14000 rpm. The cellulase concentration was varied from 13.8 
µg/mg cellulose to 640 µg/mg cellulose. To prevent cellobiose product inhibition, 
cellulase/β-glucosidase activity ratio was kept at 1:20 (Bommarius et al., 2008).  
 
Determination of glucose content 
Glucose concentration was determined by way of the DNS (dinitrosalicylic acid) assay, 
as described previously (Bommarius et al., 2008). The DNS assay was compared with 
HPLC analysis and found to yield identical results.  
 
Enzyme adsorption study 
Cellulose (20 mg/mL) was added to sodium acetate buffer (1 mL, 50 mM, pH 5) and 
allowed to hydrate for 1 hour at 50 °C and 900 rpm and the mixture was then cooled 
down to 4°C. Cellulases were added in various amounts and the mixture was further 
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agitated for 30 min at 4 °C. After centrifugation, the supernatant was collected and 
protein content analysis was performed using the BCA protein assay. In order to 
eliminate interference from agents other than proteins (e.g. glucose and salts, etc.), 
proteins were selectively precipitated using deoxycholate and trichloroacetic acid (Brown 
et al., 1989), collected and re-suspended prior to using the BCA protein assay kit. 
 
Partially converted Avicel 
Samples with an initial cellulose concentration of 20 mg/mL were subjected to the 
hydrolysis procedure described above for a period of time required to reach the desired 
level of conversion and partially converted cellulose was collected by centrifugation. An 
enzyme desorption procedure was then used to purify the cellulose of bound proteins and 
the cellulose samples were subsequently freeze-dried. 
 
Enzyme desorption 
The enzyme desorption procedure was adapted from a previously published method 
(Hong et al., 2007). Cellulose samples obtained after partial conversion were suspended 
in a solution of 1.1% SDS in water and incubated at 80 °C (water bath) for 15 minutes. 
The samples were then washed 3 times with 75% ethanol and four times with water. 
Control samples were prepared which consisted of buffer-suspended cellulose without the 
addition of protein. These samples were subjected to the enzyme desorption procedure as 
well as lyophilization. These steps were found to have little to no effect on adsorption and 
hydrolysis behavior (Appendix A), and crystallinity. 
 
Instantaneous rates 
For calculating the instantaneous rates used in section 3.3.1, an empirical curve (equation 
1) (Väljamäe et al., 2003) was fitted to the conversion curves of Avicel and phosphoric 
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acid swollen cellulose (PASC, generated by Dr. Mélanie Hall as previously published 
(Bansal et al., 2010; Hall et al., 2010a)) hydrolysis for 160 µg cellulase/ mg cellulose. 
X = 1 – exp(-kt(1-h))                                                                                                           (1) 
where X is the conversion level, and k and h are fitted parameters to the curve. 
For Cel7A hydrolysis, protein concentration was 40 µg of purified enzyme per mg of 
Avicel. 
 
Cel7A purification, determination of chain ends per amount of substrate, and hydrolysis 
with pure Cel7A was carried out by Dr. Mélanie Hall. Description of Cel7A purification, 
and chain end determination can be found in Appendix B. 
 
3.3. Results and discussion 
3.3.1 Rate order and cellulose crystallinity 
Decreasing rates at high conversion, though suggested to be caused by multiple factors 
(see Introduction), may potentially simply be also the result of substrate depletion. The 
rate of cellulose hydrolysis by enzymes can be expressed by equation (2). 
 
Rate  = dX/dt = k*S*[E]ads*f                                                                                             (2) 
 
where X is the conversion level, S is the substrate concentration, [E]ads is the 
concentration of cellulases adsorbed per amount of substrate, f is the fraction of 
productively adsorbed cellulases, and k is the reaction rate constant (reactivity) reflective 






Equation (2) can also be written as equation (3), where instantaneous substrate 
concentration is expressed in terms of the initial substrate concentration. 
 
Rate = dX/dt = k*S0(1-X)*[E]ads*f                                                                                   (3) 
where S0 is the initial substrate concentration. 
 
In the absence of any rate hindrances, k will be a constant, f will equal unity, and [E]ads 
will be at the maximum adsorbable capacity. Equation 3 then simply decomposes into the 
following form: 
Rate  = dX/dt = C*(1-X)                                                                                                   (4) 
 
which is a simple first-order rate expression. For any nth order rate expression 
Rate  = C*(1-X)n, a plot of ln(rate) vs. ln(1-X) will give a slope of n. 
 
These plots for amorphous (PASC) and crystalline cellulose (Avicel – 60% crystalline 
(Hall et al., 2010a)) are shown in Figure 4. The apparent rate order for PASC was found 
to be close to 1, showing an absence of any significant rate hindrance. For Avicel, 
however, the rate order changed over time. Two distinct phases could be identified with 
rate orders of close to 8 in the initial stages (up to a conversion level of about 23%), and 
almost 2 in the latter stages up to a conversion of 92%. These observations clearly point 
to involvement of rate-limiting factors and deviations from the ideal situation of a first-
order reaction rate. Moreover, changing rate orders are characteristic of fractal kinetics 
(Anacker and Kopelman, 1987; Kopelman, 1988; Kopelman, 1986) which occurs in 
spatially constrained media, and/or in the presence of obstacles mixed non-
homogeneously in the reaction system. Since crystalline cellulose is insoluble in solution, 
the enzymes have to adsorb on to the substrate and hydrolyze cellulose in a one-
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dimensional system along the cellulose fiber (for cellobiohydrolases, this action is 






Figure 4. Levenspiel plot (Levenspiel, 1999) (ln(dX/dt) vs. ln(1-X)) for a) Avicel and 
PASC with cellulase mixture, and b) Avicel hydrolysis with pure Cel7A and simulations 
with cellobiohydrolase. X – conversion, t – time. 
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3.3.2 Micro-kinetic simulation to evaluate enzyme clogging as a first-order 
phenomenon 
Recent works have shown that cellobiohydrolases possibly get stuck at obstacles after the 
first few hydrolytic cycles (Jalak and Valjamae, 2010; Kurasin and Valjamae, 2011). 
Here, a stochastic model was developed to determine whether this proposed hypothesis 
was a first-order based phenomenon. The simulation was limited only to 
cellobiohydrolases by constraining the cellulase action from one chain end only (in the 
simulations, only one end of the chains was reactive, analogous to reducing ends for 
cellobiohydrolases I). A simplified schematic of the model is shown in Figure 5. The 
model parameters are tf – time to find chain end, Pc – probability of clogging, tp – time 
for hydrolysis (cleavage of a β-glycosidic bond), and Pp – probability of processing along 




Figure 5. The stochastic model. Model parameters were set to: tf = 5, tp = 1, Pc = 0.001, 
Pp = 0.8. 
 
 
The apparent rate-order obtained from the simulations in MATLAB ®(The Mathworks 
Inc. R2008b) was found to be different from that observed experimentally (Figure 4 b), 














changing rate orders are characteristic of fractal kinetics. Therefore, difference in trends 
of rate orders implies different fractal kinetics at a microscopic level. Modeling of 
enzyme clogging as a first-order event is evidently not an ideal explanation of the rate 
hindrance. Evolution of substrate morphology along conversion, possibly akin to a 
substrate erosion phenomenon (Väljamäe et al., 1998), could be governing the rate at 
which enzymes become inactive due to clogging. Recently, Praestgaard et al. (2011) 
studied the initial ‘burst phase’ analytically, and found that enzymes getting stuck at 
‘check blocks’ could not account for the decreasing rates except at initial stages of the 
hydrolysis.  
When the model parameters were fit to time-conversion data, a degenerate set of 
parameters was found to fit the data (more than one set of tf, tp, Pc, and Pp fit the data). 
Such overparameterization of the model can be understood from the fact that the 
hydrolysis rates depend only on the enzymes in the active state, and this can be controlled 
by varying the enzymes either in the clogged or free state, thereby giving rise to two 
degrees of freedom. This is a short-coming of many models in the literature (Sin et al., 
2009). Nevertheless, qualitative comparisons can still be made, as has been done with the 
apparent rate orders.  
 
3.3.3 Change in cellulose crystallinity and degree of polymerization along conversion 
Cellulose crystallinity has been investigated in many works, and is known to be a major 
rate-governing property (Bansal et al., 2010; Hall et al., 2010a; Lynd et al., 2002; 
Mansfield et al., 1999; Zhang and Lynd, 2004). However, there are conflicting reports 
regarding its increase or decrease along conversion (Bansal et al., 2009), and therefore, 
the role it plays in controlling the rates. Partial reason for the lack of consensus lies in the 
differences in the measurement techniques used to calculate cellulose crystallinity, which 
themselves impart a lot of error in the crystallinity index numbers (Park et al., 2010).  
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When partially converted cellulose samples were recovered from the reaction 
mixture, the crystallinity index determined by solid state 13C-NMR (Hall et al., 2010a) as 
well as X-ray diffraction (with crystallinity calculation method (Bansal et al., 2010)) 
(Figure 6) was found to remain constant. Therefore, though crucial as rate-determining 
factor before the reaction, cellulose crystallinity is not a parameter that needs to be taken 




Figure 6. Cellulose crystallinity along conversion. Avicel® hydrolysis conditions: 




The number of chain ends per amount of substrate is simply the inverse of the 
number-average degree of polymerization. This can be a critical factor determining the 
rate as cellobiohydrolases act specifically from chain ends. The number of chain ends per 
























nmol/mg cellulose; experiments by Dr. Mélanie Hall). However, it is currently extremely 
challenging to experimentally determine what fraction of the chains ends is accessible to 
cellobiohydrolases, and whether this fraction changes along conversion. The fraction of 
chain ends accessible to solvent has been shown to be 60% for Avicel (Kongruang et al., 
2004), but this fraction for cellobiohydrolases has not been quantified yet. 
 
3.3.4 Macro-kinetic studies to identify rate limitations 
The factors responsible for rate retardation are identifiable from the rate expression in 
equation 3.  
 
Rate = dX/dt = k*S0(1-X)*[E]ads*f                                                                                   (3) 
 
Other than increase in the conversion X, the factors k, [E]ads, and f can also change during 
the reaction causing a decrease in the rate. The rate constant k for the β-glycosidic bond 
cleavage reflects the intrinsic reactivity of the substrate. [E]ads is the total amount of 
enzyme adsorbed per amount of substrate, and is related to the accessibility of the 
substrate (accessible fraction – substrate available for cellulase adsorption). The fraction 
of adsorbed enzymes in an active state, f, will be determined by the hydrolysable fraction 











Concept of the substrate is shown in Figure 7. 
 
Figure 7. Concept of cellulose substrate with total cellulose (red), accessible (yellow), 
and hydrolysable portions (green). Arrows indicate parts of the substrate, onto which the 
cellulases can adsorb, and between which they can change states. 
 
 
During hydrolysis, the enzymes adsorb on to either the hydrolysable or non-hydrolysable 
(but accessible) part of the substrate, and change states between the two via diffusion 
(Jervis et al., 1997) on the substrate (with no hydrolysis). As cellulases hydrolyze 
cellulose, the ratio of accessible to total (yellow plus green to red compared to red, Figure 
7), and hydrolysable to accessible (green compared to green plus yellow) can decrease. 
The accessible fraction of cellulose at various conversion levels can be determined 
experimentally by measuring its maximum adsorption capacity. At various adsorbed 
quantities, the initial hydrolysis rates (defined here as amount of glucose produced in 10 
minutes) are expected to increase until full coverage of all productive adsorption sites 
(the hydrolysable portions), followed by a saturation phase resulting from non-productive 
adsorption (no further increase in reaction rate).  
 Adsorption can be unproductive due to various reasons – lack of reactive sites, 
improper orientation of the cellulose chain with respect to the catalytic domain, or 
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measure or determine the cause, we can relate productive adsorption to hydrolysability. 
The equilibrium reaction in equation 5 eventually yields a correlation between 
hydrolysability and productive adsorption (equation 8). The stochastic simulation studies 
mentioned earlier showed that even when the time to find a chain end for a CBH was one 
to two orders of magnitude higher than the hydrolysis time, the concentrations of active 
and inactively adsorbed enzymes quickly reached a steady equilibrium (data not shown). 
  
  
                  (5)                    
 hyd,free acc, total a totala
a acc, free acc, total ads total
[S ] ( [S]  - m[E :mS][S] )[E :mS]
 = K*  K*
[E /mS] [S ] ([S] - m[E] [S] )
α
=                                          (6) 
(Enzyme species’ concentrations in equation 6 are per amount of substrate, S) 
 
where K is the equilibrium constant for the reaction in equation 5, m is the number of 
glucose sites covered by an adsorbed cellulase. Dividing the numerator and denominator 
on the LHS by [E]ads (the adsorbed cellulase concentration), and the numerator and 
denominator on the RHS by [S]acc, total (= m*[E]ads,max*[S]total), we obtain -: 
 






                            (7) 
 
where y = [E]ads/[E]ads, max is the fractional adsorption, α = [S]hydrolyzable/[S]accessible is the 
hydrolysability, f = [E:mS]/[E]ads is the fraction of actively adsorbed cellulases. Note that 
when K >> 1, the above equation is quadratic in f, and simplifies to two roots: 




With K>>1, any unproductively bound enzyme will find a reactive site within a short 
time span (f = 1), and when all the productive sites are covered (hydrolysable portions in 
Figure 7), subsequent adsorption will not result in any further hydrolysis (f = α/y). 
Although K need not be much greater than 1, as will be shown later the biphasic behavior 
of hydrolysis rates vs. enzyme adsorbed will validate this assumption. Equation 5 does 
not assume any obstacles or clogging sites on the substrate, and may hold only for the 
initial phase of the hydrolysis, which for the purposes of the experimental design of this 
thesis is applicable, because restart hydrolysis studies were used to quantify reactivity 
and hydrolysability. 
 Based on the above explanation, kinetic studies have been conducted following 





Figure 8. Experimental design: enzymes are washed off at a chosen conversion level, and 
adsorption studies and restart experiments are conducted to determine the changes in 
accessibility, reactivity, and hydrolysability. Vo is the initial rate measured in terms of 
glucose produced in 10 minutes.  
time
X











k – Reactivity, α − hydrolysability
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The linear phase in the plot of Vo vs [E]ads also becomes apparent from equation 9, where 
at low enzyme concentrations and short time rates, the rate is proportional to the adsorbed 
enzyme concentration. The three parameters of interest are associated with accessibility 
([E]ads,max), reactivity (k), and hydrolysability (α). 
 
Rate = k*S*[E]ads*f = k*S0*[E]ads             (when f = 1, S = S0)                                        (9) 
 
3.3.5 Accessibility 
Subsequent to removal of cellulases, partially converted cellulose (12%, 31%, 48%, and 
66%) was subjected to adsorption studies. The adsorption data was fit to the Langmuir 
isotherm (Table 2, Figure 9 b). Even though the underlying assumptions of the Langmuir 
isotherm (reversibility, non-interacting adsorbed species, homogenous binding sites and 
uniform composition of adsorbed cellulase mixture) may not be valid at 4°C, it can still 
be used to determine the maximum adsorption capacity. Results in Figure 9 show a 
















Figure 9. a) Maximum enzyme adsorption capacity ([E]ads, max), and adsorbed cellulase 
for enzyme loadings of 160 µg/mg and 320 µg/mg, b) Adsorption data (symbols) and 
fitted isotherms (solid lines) for various conversion levels. 
 
 
These results are in agreement with (Hong et al., 2007) who also reported a decrease in 






















































steadily with conversion at various enzyme loadings (below saturation), the fitted 
parameter [E]ads,max does not show a very strong trend (Figure 9 a, Table 2). Though this 
could be an artifact of the statistical fitting of the Langmuir isotherm parameters as seen 
with the comparatively large standard deviations in [E]ads,max, the monotonic decrease in 
the adsorption capacity measured with good repeatability (Figure 9 a) is clear evidence of 
a continuous decrease in accessibility of cellulose with conversion and change in 
substrate morphology. Even though [E]ads, max shows a slight downwards trend, Kad  
(adsorption equilibrium constant) shows a marked decline with conversion (Table 2, 
Figure 13), and is majorly responsible for the decreasing accessibility. The relatively 
large standard deviations in [E]ads,max, and Kad are probably due to fitting to data at only 
five enzyme loadings (it is experimentally difficult to obtain reproducible protein 
concentration measurements at very high and very low enzyme loadings).  
Yang et al. (2006) and recently Kumar and Wyman (2009) found [E]ads, max for 
Avicel to remain constant with conversion. The fitted [E]ads,max values in this thesis also 
do not vary strongly, so we may be driven to conclude that accessibility does not change 
drastically. However, as can be seen clearly for the enzyme loadings studied, there is a 
clear decrease in cellulase adsorption, so the results on both [E]ads,max and Kad have to be 
considered to judge adsorption as a function of conversion. 
 
 Table 2. Langmuir isotherma parameters and R2 of the statistical fit. 
Conversion (%) [E]ads,max (µg/mg) Kad (*10
3) (µg/mg)-1 R2 
0 45.34 27.10 0.954 
12 43.00 8.94 0.952 
31 42.79 4.14 0.969 
48 40.00 4.72 0.921 
66 34.42 3.82 0.980 
aLangmuir isotherm: [E]ads = Kad[E]ads,max[E]free/(1+Kad[E]free). R
2 was calculated by comparing the 
predicted adsorbed concentrations with the mean adsorbed concentrations. Parameters estimated through 






Substrate reactivity was investigated by hydrolyzing the partially converted cellulose 
(free of enzymes) at the starting substrate concentration (20 mg/mL cellulose) and at 
different enzyme loadings (Figure 10). Reactivity is the hydrolysis rate per amount of 
productively adsorbed cellulase. It is also an estimate of the rate constant k in equation 
(3). Glucose produced in 10 minutes was taken as the reference for initial rate; for 
unconverted Avicel, trends were very similar to 5 and 20 minute hydrolysis (data not 
shown).  
The decrease in rate as a function of conversion observed at various enzyme 
loadings (Figure 10 a&b) can either be due to a reduction in the accessibility [E]ads,max, 
reactivity k, or the fraction f, captured in hydrolysability α. No significant change in 
reactivity was observed, as shown by the overlap of the hydrolysis data in the linear 
regime at different enzyme loadings (Figure 10 c); the slope of the beginning linear phase 
is an estimate of k (equation 9). The decrease in rate observed (Figure 10 a&b) at 
different enzyme loadings is therefore due to a decrease in accessibility and 
hydrolysability as seen in the leveling off of the hydrolysis rates with increase in 










Figure 10. a) Restart rates vs. conversion levels for three enzyme loadings – 44 (▲), 80 
(♦), and 160 (■) µg/mg, b) Restart rates for various enzyme loadings, c) Restart rates as a 
function of adsorbed enzyme concentration for various conversion levels, inset shows 





















































































































Probing substrate reactivity using restart experiments has been the focus of many 
works, but there is no consensus regarding the decline of reactivity (Bansal et al., 2009; 
Kumar and Wyman, 2009; Lynd et al., 2002). Differences in the type of substrates, 
enzymes, and material handling methods (e.g. desorption procedures) can be one source 
of dissonance. The other cause of this inconsistency is the definition of reactivity itself, or 
rather, the experimental quantity used to estimate it. For example, Figure 10 b could point 
at a decrease in reactivity, but Figure 10 c shows that the amount reacted per amount of 
actively adsorbed cellulase is nearly the same. The fraction of productively bound 
enzymes can, however, decrease with conversion, giving rise to lower rates. 
 
3.3.7 Hydrolysability  
An interesting feature of the hydrolysis trend from Figure 10 c is the saturation after the 
linear increase. This is due to the exhaustion of the hydrolysable sites. Part of the 
decrease in rate observed at high enzyme loadings at a given conversion level is 
attributed to unproductive binding resulting from saturation of the reactive sites. The 
hydrolysability α, calculated as the fraction of accessible substrate that is reactive, was 
obtained from the restart experiments (Figure 8 & Figure 10). α was found to decrease by 
about 75% till a conversion level of 31%, beyond which it remains constant (Figure 11). 
This sharp decline in hydrolysability is consistent with the picture of a decreasing ratio of 
hydrolysable to accessible substrate (Figure 7). The fraction of productively adsorbed 
enzymes, f in equation 3 and 8, also followed a similar trend, and the decrease was 




Figure 11. Hydrolysability α for various conversion levels, and f for three enzyme 
loadings. α was calculated as ([G]sat/k)/[E]ads,max, where [G]sat is the saturation rate 
(glucose in 10 minutes, mg/mL). f was calculated as α/y = ([G]sat/k)/[E]ads. 
 
 
3.3.8 Accounting for rate retardation and quantification of blocked/clogged 
cellulases 
To quantify the fraction of rate retardation accounted for by the three factors mentioned 
above (accessibility [E]ads,max, reactivity k, and hydrolysability α), the predicted rates at 
the studied conversion levels (12%, 31%, 48%, 66%) were compared with rates from 
uninterrupted hydrolysis reaction. Rates were calculated by equation 3 using estimated 
parameter values of k, f, and the measured values of [E]ads. Overall, the trend in restart 
rates seems to follow that of the uninterrupted experiment (Figure 12; the restart 
hydrolysis in this case was performed with a concentration equivalent to 20*(1-X) 
mg/mL to match the substrate concentration under actual hydrolysis conditions). 
However, a difference between the restart rates and the uninterrupted rates is observed 






























restart model for partially converted cellulose. This difference becomes quite significant 
at 66% conversion where the predicted hydrolysis rate is 8.5 times that of the 
uninterrupted one (0.34 mg/mL vs. 0.04 mg/mL). 
The observation of restart rates being higher than the uninterrupted ones points to 
an enzyme clogging phenomenon (erosion model) (Jalak and Valjamae, 2010; Kurasin 
and Valjamae, 2011; Väljamäe et al., 1998). The restart kinetic study model was derived 
under the assumptions of no clogging. When the enzymes are allowed to re-adsorb onto 
partially converted cellulose and hydrolyze the substrate, their rate will be higher than 
compared to the uninterrupted experiment because their adsorption onto productive sites 
will be more favored. During hydrolysis all parts of the substrate (Figure 7) will change 
states; if there was an isolated and fixed hydrolysable portion, then we would have an 
upper cap on the maximum conversion that can be achieved, but that is clearly not the 
case. Due to this dynamic interchange of states between the accessible, hydrolysable, and 
non-accessible fractions of the substrate, the enzymes too will transition from one state to 









Figure 12. Uninterrupted rates, and predicted and measured restart rates at different 
conversion levels. Rate – glucose produced in 10 minutes, mg/mL. Uninterrupted rates 




3.4. Summary of changes in accessibility, hydrolysability and reactivity 
To summarize the three major factors investigated in this work, normalized parameter 
values of [E]ads,max (maximum adsorbable capacity), Kad (adsorption equilibrium constant 
in the Langmuir isotherm), k (reactivity), and α (hydrolysability) as a function of 
conversion are shown in Figure 13. The fitted values of [E]ads,max did not vary strongly, 
implying only slight changes in the total accessible fraction of cellulose. The adsorption 
equilibrium constant Kad, however, showed a marked decline with conversion, possibly 
indicating either a decrease in cellulase affinity for cellulose or an increase in the 




































Figure 13. Normalized parameter values as a function of conversion. 
 
 
Reactivity (k) did not show any noticeable trend with conversion. One of the 
major properties governing the rates, and the free energies associated with the hydrolysis 
steps (bond cleavage, decrystallization of chains for further hydrolysis, product expulsion 
(Beckham et al., 2011)), is crystallinity (Hall et al., 2010a). It is possible that the 
constancy of crystallinity and reactivity are strongly linked. Since there are other 
properties such as particle size, degree of polymerization, pore structures, microfibril 
morphology, etc. that can affect hydrolysis rates too (Mansfield et al., 1999), the relation 
between crystallinity and reactivity is not conclusive. 
 Hydrolysability (α) declined sharply from 100% to 25% until a degree of 
conversion of cellulose of 30%, beyond which it remained constant. For high enzyme 
loadings, and consequently high substrate coverage, all the productive sites will be 
exhausted and rates are expected to be governed by hydrolysability. An interesting 






































approximately 30%. One could argue that considering this observation, the kinetic studies 
pursued in this thesis do not explain the rate decline beyond 30%. This interpretation, 
however, is incorrect as most of the rate decline is clearly accounted for by the restart 
experiments (Figure 12). 
 
3.5. Prediction of rates using the developed kinetic rate law and role of clogging 
If equation (3) is simplified for high enzyme loadings such that f = α/y (equation 8), then 
a simple expression relating the rates to reactivity k, accessibility [E]ads,max and 
hydrolysability α is obtained (equation 10). Since parameters change with conversion, 
they have to be determined with independent experiments at various conversion levels. 
This, along with the highly non-linear trend of the parameters with conversion, limits the 
predictive capability of the kinetic rate law in equation (3). It must be emphasized here 
that to start with, the aim of this chapter was to tease apart the various causes for rate 
slowdown, and not necessarily develop a universal expression predicting rate. 
 
Rate = dX/dt = k*S0(1-X)*[E]ads*f                                                                                   (3) 
Substituting f = α/y = α/([E]ads/[E]ads,max), we obtain -: 
Rate = dX/dt = k*[E]ads,max*α*S0*(1-X)                                                                         (10) 
 
One property of the kinetic studies pursued in this thesis, and hence of the parameters 
determined, is that they are based on restart experiments which can give rates different 
than uninterrupted ones on partially converted cellulose (Figure 12). As mentioned 
before, this could be due to the clogging phenomenon. To achieve close to 100% 
prediction of rates with equations 3&10, a model explaining the clogging phenomenon is 
needed.  
 Kurasin and Valjamae (2011) proposed that in the presence of obstacles, koff 
(dissociation rate constant of cellobiohydrolases) governs the clogging phenomenon and 
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the hydrolysis rates, as the clogged enzymes need to desorb before they can bind 
productively to the substrate again. This simple scheme is likely to hold only for very low 
enzyme loadings. At high enzyme loadings, if the productive sites are completely 
covered, any desorbing enzyme is very likely to re-adsorb on to a non-hydrolysable (or 
clogged sites) portion of the substrate. Modeling clogging as a first order process is also 
unlikely to explain the phenomenon (Figure 4 b & 2). To incorporate clogging into a 
predictive model, further experimental investigation is needed into how cellulases get 
blocked or clogged on the cellulose surface.  
 
3.6. Conclusions 
Kinetic studies based on findings from modeling and experimental results provided 
unequivocal evidence to reveal accessibility and hydrolysability, and not reactivity, to be 
the major rate hindrances in the enzymatic hydrolysis of cellulose of Avicel. 
Hydrolysability, calculated as the fraction of the accessible cellulose that is reactive 
(resulting in productive adsorption), decreases from nearly 100% to approximately 25% 
at about 30% conversion. Reactivity, measured in terms of substrate hydrolyzed per 
amount of actively adsorbed cellulase, remains constant over the course of conversion. 
This is in congruence with our previous finding of constant crystallinity over the course 
of hydrolysis. While accessibility has been known to change with conversion and affect 
rates, hydrolysability has never been quantified. Clogging, or enzyme jamming at 
blocking sites on the substrate surface, is also an important phenomenon that could be 
experimentally verified through the faster rates obtained after restart compared to the 
uninterrupted rates. As the enzyme system employed was a cellulase mixture, 
differentiating between chain ends and bulk cellulose as reactive or nonreactive was not 
possible. While trends in accessibility and restart rates can vary between lignocellulosic 
substrates depending on the pretreatment method (Kumar and Wyman, 2009), the 
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methodology presented in this thesis (with a pure cellulosic substrate) can still be 
extended to lignocellulosic substrates.  
 Findings of the work presented here can also guide process strategies for cellulose 
biohydrolysis. Since hydrolysability and rates decrease by an order of magnitude for the 
first 30% cellulose converted, rendering the substrate less recalcitrant through biological 
pretreatment for the remaining 70% might be a very promising route (Hall et al., 2011). 
Engineering cellulases that can operate at higher temperatures (Hall et al., in press; 
Heinzelman et al., 2009) will result in an overall higher productivity (activity per amount 
of cellulose over the lifetime of the enzyme) and should be part of a strategy to render 





MULTIVARIATE STATISTICAL ANALYSIS OF X-RAY DATA 
FROM CELLULOSE: A NEW METHOD TO DETERMINE DEGREE 
OF CRYSTALLINITY AND PREDICT HYDROLYSIS RATES 
 
(Experimental work associated with this chapter and Bansal et al. (2010) was carried out 
by Dr. Mélanie Hall) 
 
4.1 Introduction 
Crystallinity of cellulose is one of the major substrate properties governing the enzymatic 
hydrolysis rates and has been the focus of many works (Hall et al., 2010a; Lynd et al., 
2002; Mansfield et al., 1999; Zhang and Lynd, 2004). Accurate quantification of the 
crystalline content in cellulose, termed crystallinity, is thus of prime importance, as it 
gives an estimation of the recalcitrance of the substrate to the enzymatic attack. 
Crystalline regions and lattices are formed due to hydrogen bonds between the cellulose 
chains and van der Waals forces between the glucose molecules. The degree of 
crystallinity, an average property, is the fraction of the crystalline content in the sample 
under consideration. 
 The techniques used for determining the degree of crystallinity of cellulose 
include X-ray powder diffraction, solid state 13C-NMR, density measurements (Krassig, 
1993) and more recently FT Raman spectroscopy (Schenzel et al., 2005), with X-ray 
diffraction being most widely followed. While 13C-NMR is a reliable method for 
calculating crystallinity, it usually requires extensive acquisition time to obtain good 
peaks resolution and tends to be not applicable to low degrees of crystallinity, as the 
crystalline and amorphous peaks are hardly distinguishable. A number of methods to 
calculate the degree of crystallinity of cellulose from X-Ray diffraction spectra have been 
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published (Table 3). One major feature of all the methods (except for the peak height 
method (Segal et al., 1959) and method 1 of Wakelin et al. (1959)) is subtraction of the 
amorphous spectrum as background. While doing so by scaling the acquired spectrum of 
an amorphous polymer (to bring it below the crystalline spectrum) may be physically 
meaningful for spectra with sharp peaks, for cellulose it is not as simple due to 
considerable peak overlaps (the different crystal planes for cellulose I are labeled in 
Figure 14). With the advent of software programs such as JADE®, functional 
deconvolution of spectra with respect to a chosen background is simple; the issue then is 
the choice of the background. The easy-to-use method of Segal et al. (1959), which is still 
the most widely used, does not need background subtraction but the definition of a 
baseline, and is based on peak heights. The degree of crystallinity of cellulose I is given 
by comparing the minimum in intensity above baseline at 2θ = 18o (Iam), and the 
maximum in intensity at 2θ = 22.5o (I200), accounting for the amorphous part and the 
crystalline part (major diffraction from the 200 plane) respectively (CrI = 100*(I200-
Iam)/I200). However, it is clear from Figure 14 that the trough at 18
o, which is assumed to 
account for the amorphous portion, is shifted to lower angles compared to the actual 
reflection from a pure amorphous sample (maximum intensity at 2θ = 19.5°). 
Nevertheless, the method is useful for relative comparison and results should be carefully 
interpreted when used for absolute crystallinity index determination. 
 Thygesen et al. (2005) applied four different methods (peak-height method (Segal 
et al., 1959), Ruland-Vonk (Ruland, 1961; Vonk, 1973), profile refinement method 
(Rietveld, 1969) and Debye calculations (Debye, 1915)) to calculate the crystallinity 
index of four different substrates and showed that the results can vary within a range of 
up to 20% depending on the method. For Avicel, a pure microcrystalline cellulose I 
sample and one of the substrates used for the work in this chapter and in (Bansal et al., 
2010), calculated crystallinities from X-ray spectra in the literature vary over a large 
range (54% – 92.97%) (Table 4). Although differences in the ways to handle the samples 
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(drying method and temperature, amount of sample analyzed) are likely to introduce 
variations in the results, the work of Thygesen et al. (2005) shows that different 
crystallinity values can be extracted using different analytical methods on the same 
spectrum. This was also demonstrated recently by (Park et al., 2010). 
 Given the importance of cellulose crystallinity in the enzymatic hydrolysis and its 
role in evaluating efficient pretreatment methods (or how to render a cellulose sample 
more amorphous), the topic of crystallinity calculation from X-ray data has been 
revisited. We use X-ray powder diffraction for measuring the intensities of beams 
(averaged over the sample used in the setup) at various diffraction angles to calculate the 
degree of crystallinity (weight fraction of the crystalline content). While it may be 
possible to calculate microscopic properties such as the crystallite dimensions 
corresponding to different phases (Garvey et al., 2005) and structural determination in 
terms of atomic coordinates (Nishiyama et al., 2002) using the X-ray diffraction data, we 
do not try to quantify any microscopic property of cellulose other than its degree of 
crystallinity. 
 The data-driven method developed utilizes X-ray diffraction spectra of cellulose 
samples of intermediate crystallinity prepared by treating Avicel and fibrous cellulose 
(FC) with varying (and controlled) concentrations of phosphoric acid. Purely amorphous 
samples were obtained for both types of cellulose. To calculate crystallinity indices, 
normalized X-ray diffraction spectra were expressed as a linear combination of the 
normalized untreated cellulose (Avicel or FC) and amorphous cellulose spectra. Principal 
component analysis (PCA) was also applied to the spectroscopic data (separately to 
Avicel and FC spectra sets) and the principal component scores were related to calculated 
crystallinities. This revealed the dimensionality of the X-ray spectra data. Cellulose 
mixtures with varying fractions of untreated and amorphous Avicel were prepared to 
validate the prediction of crystallinity values. Based on the observation that initial 
hydrolysis rates followed a linear trend with the calculated crystallinity index, principal 
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Figure 14. X-ray spectra of Avicel (upper spectrum) and amorphous cellulose (lower 
spectrum) with major crystal planes labeled with solid arrows. Dashed arrows show 
locations of intensity minimum in Avicel spectrum at 18° and intensity maximum in 
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Table 3. Published methods on the calculation of crystallinity index from X-ray spectra 
(for detailed explanations, the reader may refer to the original works). 
Table 3 (continued) 
Reference Mathematical methodology 
Hermans and Weidinger 
(1948)a 
Total crystalline and amorphous intensity is calculated from the 
diffraction pattern (area under the curve) by marking the crystalline 
and amorphous portions in the spectra. Crystallinity is then 
expressed as -: 
                                                         
(1)   
 
 
where Xc – crystallinity, Ic – crystalline portion intensity, Ia – 
amorphous portion intensity, K – empirical constant 
Segal et al. (1959)a Ratio of intensities at 2θ = 22.5o to that at 2θ = 18o gives the ratio of 
crystalline to amorphous fractions (cellulose 1) or 2θ = 19.5o to that 
at 2θ = 16o (cellulose II). 2θ – diffraction angle:  
 
CrI = 100*(I200-Iam)/I200                                                                  (2) 
Iam - minimum in intensity above baseline at 2θ = 18
o, I200 - 
maximum in intensity above baseline at 2θ = 22.5o (I200), 
Wakelin et al. (1959)a Method 1: Correlation of the difference in the intensities of sample 
and amorphous with difference in intensities of crystalline standard 
and amorphous. Method 2: Area between the sample spectrum and 
the amorphous spectrum. Relative crystallinity is given by the ratio 
of this area to that calculated with the crystalline standard 
(Ruland, 1961; Vonk, 1973) Separation of amorphous and crystalline spectra. Amorphous 
spectrum scaled to match the spectrum of partially crystalline 








where Xc – crystallinity, 
Ic – Intensity of crystalline portion, 
I – Total intensity, 
s = 2sinθ/λ, 2θ – diffraction angle, 
2f - mean square of scattering, 
D – disorder function 
Chung and Scott (1973) Amorphous spectrum expressed as a Gaussian like function and is 
subtracted as background from the sample spectrum. Crystallinity 
and a constant k determined by use of following equations: 
a a aI  = k x                                                                                         (4) 
c c cI  = k x                                                                                         (5) 
c ax +x = 1                                                                                         (6) 
Ia - amorphous portion intensity (area under the diffraction curve), 
Ic – crystalline portion intensity, xa – fraction of amorphous 




B c am cI (s) = (1-X )I (s) + X f(s ) {1 exp( )}ks− −
Table 3 (continued) 
Reference Mathematical methodology 
Soltys et al. (1984)a Crystalline diffraction pattern was obtained after removing the 
linear background and scaling the amorphous sample spectrum. 
Crystallinity calculated as the ratio of area under the crystalline 
diffraction peaks to the total area. 
Polizzi et al. (1990) The background is expressed as a function of the amorphous 
spectra, and has crystallinity and disorder factor as parameters. 
These two parameters along with the parameters of the fitting 
function for the sample spectrum are optimized for the best fit. The 
background is given by -: 
 
              (7) 
 
IB(s) – background scattering, Xc – degree of crystallinity, Iam(s) – 
experimental intensity of amorphous sample, 2f(s ) - mean 
square atomic scattering factor, k – disorder factor, s = 2sinθ/λ, 2θ – 
diffraction angle. 
Majdanac et al. (1991)a Instrument background subtracted from spectrum, amorphous 
scattering expressed by a Gaussian function, the peaks in the 
spectra expressed as Gaussian or Lorentzian functions. Crystallinity 
is given by the area under the curves (other than the amorphous 
Gaussian curve) divided by the total area 















able 3 (continued) 
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Table 4. Crystallinity values of Avicel in literature calculated from X-ray spectra (works 
reporting relative crystallinity values are not tabulated).  
Reported crystallinity (%)b Reference Method used 
81.3 (PH-101) Gama et al. (1994) Segal et al. (1959) 
77.7 (PH-101) 
80.1 (PH-105) 
Schurz and Klapp (1976) Area of the amorphous 
background is subtracted from 
the X-ray diffraction curve by 
drawing the background curve 
such that it joins the points 





Soltys et al. (1984) Soltys et al. (1984) 
82 (PH-101) Doelker et al. (1987) Hermans and Weidinger (1948) 
54 (PH-101) Teeäär et al. (1987) Ruland (1961) 
92.97 (PH-101) Dourado et al. (1998) Segal et al. (1959) 
81 (PH-101) (Marson and Seoud, 1999) Segal et al. (1959) 
72.23 (PH-101) Kumar et al. (2001) Area under the peaks of 
crystalline reflections 
expressed as a percentage of 
the area under the 
hydrocellulose curve (taken to 
be 100% crystalline reference). 
83 (PH-101) Ramos et al. (2005) Segal et al. (1959) 
82 (PH-101) Gupta and Lee (2008) Segal et al. (1959) 
62 Thygesen et al. (2005) Segal et al. (1959) 
67 Thygesen et al. (2005) (Ruland, 1961; Vonk, 1973) 
41 Thygesen et al. (2005) Rietveld (1969) 
39 Thygesen et al. (2005) Debye (1915) 
64 (PH-102) Ardizzone et al. (1999) - 
63 (PH-102) Nakai et al. (1977) Hermans and Weidinger (1948) 
87.6 Souza et al. (2002) Segal et al. (1959) 













4.2 Materials and methods 
Information on chemicals and materials, phosphoric acid pretreatment, enzymatic 
hydrolysis of cellulose, determination of glucose content, X-ray diffraction, solid state 
13C NMR can be found in Appendix C. Data analysis and calculations are described in 
this section. 
 
4.2.1 Data normalization 
The data - intensities of the X-ray spectra at different diffraction angles, were normalized 
with respect to the area under the intensity-angle curve. Since the control over the small 
amount of sample put on the X-ray diffractometer is not easy to achieve, the intensity for 




Area = h* I(2 )θ∑                 (8) 
where h is the scanning step size of the diffraction angle (0.0167 o), I(2θi) is the intensity 
at the diffraction angle 2θi, n is the number of scan points (2992 for 2θ = 10
o to 60o and 
1500 for 2θ = 10o to 35o; as will be explained in section 4.3.2, we ultimately use data 
only up until 35o for our analysis). 
 
4.2.2 Calculation of the crystallinity index 
The normalized spectrum of a sample was expressed as a linear combination of the 
normalized spectra of commercial cellulose (Avicel or FC) and amorphous cellulose 
(phosphoric acid swollen cellulose (PASC)) samples: 
j P CI (2 ) =   I (2 ) (1 )I (2 ) + j jf fθ θ θ ε+ −                                                                            (9)  
where 
jI (2 )θ  is intensity of the j
th sample at diffraction angle 2θ , Ip ( 2θ ) is intensity of 
PASC at diffraction angle 2θ , IC( 2θ ) is intensity of pure cellulose at diffraction angle





f , the least square estimate of fj, was used to estimate the crystallinity by multiplying 
the contribution of Avicel or FC ˆ(1 )
j
f− , to their crystallinity (taken to be 60% for Avicel 
and 72% for FC - as measured by 13C-NMR): 
 
j C
ˆCri  = (1 )*Cri
j
f−                          (10) 
 
where Crij is crystallinity (in percentage) of the j
th sample of Avicel or FC, CriC is the 
crystallinity of Avicel or FC depending on the cellulose under consideration.  
The numerical estimation of fj is similar to the estimation of the slope in the correlation 
method of Wakelin et al. (1959). Crystallinity was also calculated from the reconstructed 
spectra after performing the principal component analysis. For comparison, the peak-
height method (Segal et al., 1959) was also applied: 
Cri = 100*(I200-Iam)/I200                (2) 
where I200 is the maximum intensity above baseline at 2θ = 22.5
o and Iam is the minimum 
in intensity above baseline corresponding to amorphous content at 2θ = 18o. 
 
4.2.3 Principal component analysis of X-ray spectra 
The X-ray spectra data (normalized), expressed as given below, was subject to principal 





m1 m2 mn m n
           2   2            2
x    x  ...........x
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X  =  
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                                                                                     (11) 
where m is the number of samples (17) for Avicel and (15) for FC, n is the number of 
scan points (1500). 
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First, the data matrix is transformed into the following Z matrix by mean centering the 
columns and making them of unit variance: 
1n11 1 12 2
1 2
T
mnm1 1 m2 2
1 2
x xx -x x -x
  ........
.
Z  = 
.


















                                                                      (12) 
1x and s1 are the mean and standard deviation of the first column in X
T and so on. To find 
the principal components (vectors in the n dimensional space along which the data might 
be concentrated), singular value decomposition (SVD) of the Z matrix (given below) is 
performed: 
TZ=U S V
n n n m m m× × ×                                 (13) 
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            (14) 
' sσ are the singular values. 
The column vectors in U corresponding to the relatively larger values of ' sσ  represent 





The score matrix is calculated by projecting the columns of Z onto the directions of the 
principal components as below:  
T T
tf L L LZ  = U Z = S V                          (15) 
where L denotes that we have taken only the first L principal ' sσ . 
As will be explained later, for computing the Z matrix, the columns were not normalized 
with the standard deviation. The other steps are the same as above. 
 
4.2.4 Calculation of crystallinity index from principal components 
The Z and X matrix can be reconstructed from the reduced dimensional score matrix Ztf:  
Zr = ULZtf = ULU
T
LZ              (16) 
(Xr)ij = (Zr)ij + ix               (17) 
Using the reconstructed X data, equations (9) and (10) were applied to calculate the 
crystallinity. This is equivalent to regression of the crystallinity to the component scores 
in equation (9) instead of the whole spectra. 
 
4.2.5 Principal component regression (PCR) for predicting hydrolysis rates 
Prediction of hydrolysis rates by regressing them to X-ray data is not possible since the 
number of equations (17 for Avicel and 15 for FC, corresponding to the number of 
available samples) will be far less than the number of parameters (1500 for intensity at 
each diffraction angle plus one constant). However if the data is projected onto the first 
few principal components, hydrolysis rates can be regressed to the scores of the different 
samples in the direction of the principal components: 
j o 1 j1 2 j2 L jL jh  = β  + β C  +β C + β C  + ε+…            (18) 
j = 1,2….,m, hj is the initial hydrolysis rate of the j
th sample, β’s are the regression 
parameters, Cji is the score of the j
th sample’s X-ray spectra in ith principal component’s 




4.2.6 Principal component analysis and principal component regression on the 
combined spectra sets of Avicel and FC 
PCA and PCR were performed on the combined spectra sets of Avicel and FC in order to 
have a mathematical framework applicable to both the cellulose I substrates. As will be 
shown in section 3.6, only two PCs were used after PCA. For calculation of crystallinity 
index, the reconstructed spectra from two PCs were used in the following equations: 
 
j 1 P 2 A 3 FCI (2 )  =  I (2 ) I (2 )  + I (2 )  + r j r j r j rf f fθ θ θ θ ε+                                                       
(19) 
1 2 3 +  +  = 1j j jf f f                                                                                                             (20) 
where jI (2 )θ r is intensity of the j
th sample at diffraction angle 2θ , Ip ( 2θ ) is intensity 
of amorphous cellulose at diffraction angle 2θ , IA( 2θ ) is intensity of Avicel at 
diffraction angle 2θ , r denotes that the spectrum is reconstructed, fj1 , fj2 and fj3 are the 
contributions of amorphous cellulose, Avicel and fibrous cellulose respectively to the 
spectrum of the jth sample, ε is random error. 
The least square estimates of fj2 and fj3 - 2ˆjf  and 3ˆjf  were then used to calculate the 
crystallinity of the jth sample: 
 
j 2 A 3 FC
ˆ ˆCri  = *Cri  + *Cri
j j
f f                         (21) 
where Crij is the crystallinity index of the j
th sample, CriA (=60%) and CriFC (=72%) are 
the reference crystallinity indices of Avicel and FC respectively. 
Hydrolysis rates calculation was performed by equation 18 where the scores used were 
the ones obtained by PCA of the combined spectra sets of Avicel and FC.  
84 
 
All the data analysis and calculations were done in MATLAB® (The Mathworks 
Inc. R2008b).  
 
4.3. Results and discussion 
4.3.1 Phosphoric acid pretreatment of cellulose samples 
To obtain a reliable analytical method to accurately determine cellulose degree of 
crystallinity, several intermediate crystallinity indexes of a same cellulose source are 
required so that the method can be tested and validated over the whole range of 
crystallinity indices. Observed variations in X-ray diffraction are then attributed 
exclusively to the variation in crystallinity. It has been shown in other works that 
phosphoric acid pretreatment does not alter the degree of polymerization (and thus the 
molecular weight) of cellulose (Jeoh et al., 2007; Zhang and Lynd, 2005). This property 
can therefore be assumed to be constant within all the acid pretreated samples. 
Pretreatment of Avicel and FC with increasing concentrations of phosphoric acid resulted 
in subsequent decrease of the degree of crystallinity, as observed by a significant change 
in the X-ray diffraction spectra (Figure 15) and applying the peak height method to the 
X-ray diffraction spectra (Table 5, columns 8 and 9). The enzymatic hydrolysis rates 
obtained with cellulases (supplemented with an excess of β-glucosidase) increased 
consistently with the acid concentration used for pretreatment of the corresponding 
samples (Figure 16), suggestive of a relationship between hydrolysis rates and initial 
degree of crystallinity. A sigmoidal type of behavior of hydrolysis rates with respect to 
phosphoric acid concentrations (i.e. pretreatment conditions) was observed, where major 
changes in substrates seemed to occur over a very narrow range of phosphoric acid 
concentrations (75% to 82 %). The amorphous references (0% crystalline PASC for 
crystallinity index calculations) for Avicel and FC were obtained from pure Avicel 
treated with 82.37 % phosphoric acid (Avi2) and pure FC treated with 85.00% 
phosphoric acid (FC1) respectively. For Avicel, increasing the phosphoric acid 
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concentration beyond that point did not lead to any additional changes in the spectrum. 
For FC, 82.03% phosphoric acid also led to an amorphous sample. Both amorphous 
cellulose spectra could be superimposed (Figure 31, Appendix D). The X-ray diffraction 
pattern of amorphous cellulose (phase I) seems therefore to be independent from the 
original cellulose from which it is obtained by acid pretreatment. Also, cellulase 
reactivity was identical on amorphous Avicel (Avi2) and FC (FC2) (9.23 and 9.16 mg/ml 
resp., Table 5). Although the amorphous sample (0%, FC1) obtained from fibrous 
cellulose (85% phosphoric acid) had an unexpected lower hydrolysis rate of 7 mg/ml, no 
considerable change in reactivity (hydrolysis rates) beyond phosphoric acid concentration 
of 81.71% was observed (rates were 9.74, 9.36 and 9. 16 mg/ml resp. for FC treated with 
81.71%, 81.78% and 82.03% phosphoric acid resp., Table 5 b column 3). Peak height 
method gave a degree of crystallinity of 0% and 21% for amorphous cellulose obtained 
from Avicel (Avi2) and FC (FC1) respectively. Although the peak height method does 
not give a value of 0% for FC1 and gives the lowest value for FC4 (6%), FC1 was taken 
as the amorphous reference since the spectrum could be superimposed on amorphous 
Avicel much better than FC4, did not present any significant peaks and had the highest 
acid concentration (FC4 presented a small shoulder at 2θ = 23°, Figure 31 in Appendix 
D). Moreover, there can be variations in the calculations from the peak height method for 
samples with lower degrees of crystallinity since there is no detectable trough/minimum 
near the diffraction angle of 18o, and a shift by less than one degree for Iam in equation 11 
can cause significant changes in the calculated crystallinity; this is shown in Table 5 
(columns 8 and 9) for values calculated independently by two of the authors, where great 
variations were seen in the calculated crystallinity index for samples treated with high 






Figure 15. X-ray spectra of various phosphoric acid pretreated Avicel samples a) before 
and b) after normalization. Hydrolysis rates are shown in parenthesis (mg/ml of glucose 




Figure 16. Hydrolysis rates of phosphoric acid-pretreated Avicel and FC vs. H3PO4 
concentrations used for pretreatment. Two different commercial phosphoric acid 
solutions (85% w/w) were used for FC and are shown in different colors. Note: two 
samples of FC obtained from these two undiluted solutions gave unexpectedly lower 
hydrolysis rates of around 7 mg/ml glucose in 2 min.; these points were not incorporated 
in the analysis. The samples were still shown to be amorphous (X-ray data) and one of 
them was taken as the reference amorphous cellulose. 

















































































































































Table 5. Crystallinity values obtained from various methods and corresponding 
hydrolysis rates of various phosphoric acid pretreated samples for a) Avicel and b) FC. 
Columns correspond to: 1 – Sample name, 2 (Acid) – Acid concentration (%), 3 (Rate) – 
Hydrolysis rate (mg/ml of glucose produced in the first 2 minutes), 4 – Cri (PCA) (%), 5 
– Cri (All data) (%), 6 – Cri (LOO) (%), 7 – Cri (Avicel subtraction) (%), 8 – Cri (Segal 
method) (%) 1c, 9 – Cri (Segal method) (%) 2c.   
 
a) 
1 2 (Acid) 3 (Rate) 4 5 6 7 8c 9c 
Avi1 82.41 8.74 5.28 5.98 5.40 5.10 19.57 47.37 
Avi2 
(PASC)  82.37 9.23 0.00 0.00 0.00 0.00 0.00 0.00 
Avi3 79.64 9.27 1.12 1.08 1.18 0.79 16.28 10.00 
Avi4 79.23 7.9 6.53 7.45 6.71 6.46 29.31 32.5 
Avi5 78.81 7.85 7.97 9.08 8.13 8.15 35.71 49.37 
Avi6 78.6 7.1 10.89 11.95 11.11 10.83 40.43  45.28 
Avi7 78.35 6.3 16.45 17.61 16.57 16.96 54.42 50 
Avi8 77.83 6.37 14.95 15.31 14.98 14.95 59.46 63.41 
Avi9 77.18 4.86 22.97 23.18 22.99 22.98 78.21 78.84 
Avi10 76.79 4.76 20.41 20.65 20.53 20.63 72.84  79.59 
Avi11 76.49 4.2 32.66 31.79 32.61 31.57 85.28 83.33 
Avi12 76.12 3.55 41.95 42.02 41.88 42.05 85.39 85.45 
Avi13 75.83 2.98 44.94 45.67 44.64 45.28 88.76 88.89 
Avi14 75.48 2.07 49.97 49.41 49.79 49.18 93.33 89.10 
Avi15 70.81 2.05 54.43 52.75 53.11 52.52 91.26 90.32 
Avi16 41.56 1.79 56.52 54.89 55.80 54.60 93.58 90.16 













Table 5 (b) 
1 2 (Acid) 3 (Rate) 4 5 6 7 8c 9c 
FC2 82.03 9.16a -0.48b -0.33 -0.41 -0.59 22.99 10.34 
FC3 81.78 9.36 1.71 1.85 1.76 1.36 32.74 26.32 
FC4 81.71 9.74 -0.86b -0.62 -0.66 -1.38 5.94 5.88 
FC5 81.5 6.74 11.42 11.26 11.57 10.47 57.32 55.36 
FC6 81.22 10.29 7.33 7.26 7.34 7.00 58.57 55.55 
FC7 81.06 8.7 12.63 12.69 12.63 12.42 72.97 73.58 
FC8 81.05 3.55 49.55 48.35 49.49 48.13 91.98 90.48 
FC9 80.71 7.97 25.83 25.66 25.85 25.51 81.18 80.00 
FC10 80.46 5.63 36.01 35.95 36.01 35.46 85.96 84.38 
FC11 79.94 5.02 40.32 40.41 40.31 39.98 86.89 84.61 
FC12 79.51 2.72 64.52 62.99 64.37 62.49 94.24 93.06 
FC13 78.09 1.61 68.68 67.44 68.64 67.16 95.83 95.45 
FC14 75.07 1.22 72.46 71.01 72.15 70.19 95.41 94.53 
FC15 65.22 0.77 74.03 72.08 73.65 71.39 95.88 95.31 
FC 0 0.57 72.00 72.00 72.00 72.00 96.94 96.25 
a A lower hydrolysis rate was obtained from the 85% phosphoric acid pretreated fibrous 
cellulose sample(7 mg/ml). This may be due to higher viscosity of the acid solution 
preventing a thorough wash of the cellulose sample (remaining acid would most likely 
impact the enzymatic activity).   
b The 0% reference was obtained from 85% phosphoric acid pretreated fibrous cellulose 
and negative values are attributed to analytical error (< 1%) 
c The Segal method (peak height method) was independently applied by two of the 
authors (1 and 2) 
 
 
4.3.2 X-ray data normalization and calculation of crystallinity index 
Figure 15 shows some of the X-ray spectra collected with samples of Avicel before and 
after normalization. Before normalization, though it is possible to differentiate 
qualitatively between the samples, a quantitative comparison is not possible, mainly due 
to the fact that overall intensity and initial intensity differ from one spectrum to another. 
After normalization, however, the spectra were brought to the same scale, making direct 
comparison possible. Moreover, relative to untreated Avicel, the normalized intensities 
clearly increased with acid concentration (and hydrolysis rates) in some intervals of the 
diffraction angle and decreased in others. Over most of the diffraction angle range, the 
intensities changed monotonically between untreated Avicel and amorphous cellulose at 
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any given diffraction angle (similar observations were made for FC). As hydrolysis rates 
were shown to be strictly related to phosphoric acid concentrations (Figure 16), their 
relationship with degrees of crystallinity was closely looked at. The correlation between 
the hydrolysis rates and the intensity values at various X-ray diffraction angles shows that 
the spectra intensities are highly correlated with the hydrolysis rates (Figure 17). The 
correlations are positive for the regions where hydrolysis rates increase with intensities 
(associated with a decrease in cellulose crystallinity), and negative for the regions where 
the hydrolysis rates decrease with intensities (peaks - associated with an increase in 
cellulose crystallinity). Although overall cellulose crystallinity arises due to contributions 
from different crystal planes (Figure 14) associated with different diffraction angle 
intervals in the X-ray spectra (Schurz et al., 1987), no attempt was made to attribute a 
physical meaning to the intervals in which the increase or decrease of intensity was 
observed. While some of these intervals that contain peaks could correspond to the major 








Figure 17. Correlation of the hydrolysis rates with intensities at different diffraction 
angles for the original spectra and the spectra reconstructed from PCA for Avicel. For FC 
the reconstructed curve was within the limits of -0.97 and 0.97 (see Figure 32 in 
Appendix D).  
 
 
Beyond 35o no considerable correlation was observed, therefore, only the data up to 35o 
was considered for subsequent analysis. One of the implications of Figure 17 is that the 
spectrum of an intermediate crystalline cellulose sample can be represented as a linear 
combination of the spectra of commercial and amorphous cellulose: 
j P CI (2 ) =   I (2 ) (1 )I (2 ) + j jf fθ θ θ ε+ −                                                                             (9) 
The crystallinity is then calculated by:  
j C
ˆCri  = (1 )*Cri
j
f−                          (10) 
To have an X-ray independent value for the crystallinity index of untreated cellulose, 
reference crystallinity indexes (CriC) for Avicel and FC were calculated from 
13C-NMR 
and were 60% and 72% respectively. Table 5 (column 5) shows the degree of 
crystallinity as calculated by equation (10) for Avicel and FC, and Figure 18 shows the 
gradual decrease in crystallinity index obtained from that method with the respective 

























increase in hydrolysis rates. The two sets of data were highly correlated as a linear fit 
with high R2 value was obtained (> 0.95) (the 95% confidence intervals for slopes were -
7.26 ± 0.78 and -7.88 ± 1.02 for Avicel and FC respectively, for the intercept the 95% 
confidence intervals were 64.95 ± 4.61 and 78.80 ± 6.64 for Avicel and FC respectively; 
p-value for the full model was of the order of 10-10 for both Avicel and FC, thus the linear 
model is statistically significant). For comparison, the peak height method values are also 
shown in Table 5 (column 8 and 9). Impractically high values for the degree of 
crystallinity were obtained from the peak height method, leaving the samples with higher 
values hardly distinguishable. For example, the last four Avicel samples in Table 5a were 
obtained from using different phosphoric acid pretreatment concentrations (Avi14 - 
75.48%, Avi15 - 70.81 %, Avi16 - 41.56% and Avicel - 0%), and display accordingly 
decreasing hydrolysis rates (Avi14 – 2.07, Avi15 – 2.05, Avi16 – 1.79 and Avicel – 1.2 
mg/ml), but the peak height method gave similar values for the four samples (Avi14 - 
93.33%, Avi15 - 91.26%, Avi16 - 93.58% and Avicel - 92.31%, as calculated by 1); the 
method developed herein shows however a trend following the hydrolysis rates and a 
change of up to 10 percentage points in the degrees of crystallinity (Avi14 – 49.97%, 
Avi15 – 54.43%, Avi16 – 56.52% and Avicel – 60%). The R2 values of the fits of spectra 
with equation (9) are overall high, indicating a good fit (≥ 0.9 for both Avicel and for FC, 
Table 14 in Appendix D). The fit of Avicel crystallinity with hydrolysis rates slightly 
differs from that of FC (y = -0.0726x + 0.6495 vs. y = -0.0788x + 0.788 resp.), implying 
that Avicel and FC have different enzymatic hydrolysis rates for the same crystallinity 
index (the amorphous cellulose samples however, display similar rates). Crystallinity is 
certainly not the only structural feature determining the enzymatic susceptibility of 
cellulose, and other factors like degree of polymerization (DP), accessibility to enzymes, 




The spectrum of a sample can be expressed as a linear combination of the spectra 
of Avicel/FC and amorphous cellulose, therefore, the amorphous background is 
composed of the pure amorphous cellulose spectrum plus the amorphous fraction in the 
commercial cellulose (100 – CriC). While most of the works cited in Table 3 also subtract 
a background to calculate the crystallinity indices, they do so by scaling the amorphous 
sample curve; in this work, contribution of the amorphous sample to the X-ray diffraction 
curve was very apparent by observing normalized spectra (Figure 15) and correlation 
curves (Figure 17), and no scaling was needed after normalization. The equivalence of 
equation (9) to the method of computing areas under the curves can be seen by 
integration with respect to the diffraction angle on both sides: 
2 2 2 2
1 1 1 1
j P CI (2 ) (2 ) =   I (2 ) (2 ) (1 ) I (2 ) (2 ) + (2 )j jd f d f d d
θ θ θ θ
θ θ θ θ
θ θ θ θ θ θ ε θ+ −∫ ∫ ∫ ∫        (22) 
The third term on the right hand side is equal to zero since the random error has a mean 
of zero. Equation (22) then can be written as: 
j P CA  = A  + (1- )Aj jf f               (23) 
where Aj is the area under the diffraction curve of the j
th sample, AP is the area under the 

















Figure 18. Calculated crystallinities vs. enzymatic hydrolysis rates: whole spectra in 
equations (9) and (10) (□), PCA (◊) and leave-one-out validation (LOO) ( ) for a) 
Avicel and b) FC. (Hydrolysis rates correspond to the amount of glucose produced in the 
first 2 min of the reaction with cellulases). The linear equations shown are the fits 
between degrees of crystallinity calculated with whole spectra and hydrolysis rates. 
 
 
























































4.3.3 Principal component analysis of X-ray data and calculation of crystallinity 
index from the principal component scores  
Principal component analysis (PCA) reduces the dimensionality of data of which 
variables are correlated, by transforming the data set to a new orthogonal basis set, the 
principal components (PCs). This transformation is achieved by the procedure described 
in Materials and Methods. If the variables are indeed correlated, then the first few PCs 
should capture most of the information in the original data. The variables in the case of 
X-ray data are the intensities at every diffraction angle and the interrelation can be seen 
from the correlation curves (Figure 4), where they increase or decrease with hydrolysis 
rates. 
 As can be seen in Figure 15b, there are points where the spectra intersect before 
changing the type of correlation with the hydrolysis rates. Division of the mean centered 
columns of the XT matrix by the standard deviation results in a large variation in these 
parts (Figure 33 Appendix D) and would bias the estimation of the PCs (similar results 
were obtained for FC, data not shown). Therefore, no normalization with respect to the 
standard deviation was performed for computing the Z matrix. One of the reasons for 
standard deviation normalization is to make the variables dimensionless. However, since 
the X-ray data are of the same units and have already been normalized with respect to the 
area, standard deviation normalization is not required. 
 A plot of the singular values (Figure 19a) shows that there is one PC that accounts 
for 86% (1.452/(1.452+0.412+….+0)) of the variation in the case of Avicel and 96% for 
FC (2.162/(2.162+0.302+…)). As expected, the first principal component (Figure 19b) is 
basically a linear combination of the untreated cellulose and PASC spectra. The second 
PC seems to bring the main peak to the correct position in the reconstructed spectrum 
(not shown). The third and fourth PCs show similar importance. However, most of the 
variation in the data is captured by the first PC. The R2 values of the reconstructed 
spectra from one PC and the original spectra are high (≥ 0.9 for Avicel and ≥ 0.96 for FC, 
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Table 14 in Appendix D), indicating a good fit. Also, the second PC scores do not have 
any correlation with the hydrolysis rates unlike the first PC scores which are linearly 
related to the hydrolysis rates (R2 = 0.962 and 0.9553 for Avicel and FC respectively; 
95% confidence intervals: slope – -0.1287 ± 0.0141 and -0.1507 ± 0.0196 for Avicel and 
FC respectively, intercept –  0.6830 ± 0.0836 and 0.8763 ± 0.1275 for Avicel and FC 
respectively; p-value for the full model was of the order of 10-10 for both Avicel and FC, 
thus the linear model is statistically significant) (Figure 20). This property will later be 
shown to be useful for hydrolysis rates prediction (section 4.3.5). 
 The correlation between the hydrolysis rates and the reconstructed spectra is 
stronger than that between the hydrolysis rates and the original spectra (Figure 17), where 
the correlation coefficients were ±0.98 and ±0.97 for Avicel and FC respectively. Using 
the reconstructed spectrum, the crystallinity index was calculated by equations (9) and 
(10). This is equivalent to regression of just the first PC scores. The crystallinity index 
values obtained were very close to those obtained with the whole data in section 4.3.2 
(Figure 18 and Table 5, column 4); mean and maximum of the absolute difference 
between crystallinity indices from the two methods being: 0.67% and 1.68% for Avicel, 





























































Figure 19. Plot of a) first ten singular values and b) first principal component of Avicel 
and FC data sets. 
 
 
The R2 values of the fit between the reconstructed spectra and the original spectra were 
also high (≥0.9 for Avicel and ≥0.96 for FC, Table 14 in Appendix D), showing that the 
spectra can be accurately reconstructed from just one PC.  Since the spectra are 
reconstructed from only one PC, they are collinear in n dimensional space (n = 1500) and 
hence there will be no error term when using them in equation (9). PCA of the X-ray data 
shows that it is possible to collapse the entire spectra onto just one number (which is the 













Figure 20. Plot of 1st PC and 2nd PC scores vs. hydrolysis rates for a) Avicel and b) FC. 
(Hydrolysis rates correspond to the amount of glucose produced in the first 2 min of the 
reaction with cellulases). The linear equations and the R2 values of the fit between first 














































4.3.4 Validation of crystallinity calculation 
The crystallinity calculation was validated by: 1) leave-one-out (LOO) validation 
method, and 2) using cellulose mixtures with varying fractions of untreated Avicel and 
amorphous cellulose. The idea behind LOO validation method is that the algorithm must 
be able to predict a particular sample’s crystallinity index successfully when it is not 
included in the calculation of the PCs. The predicted crystallinity indices are then 
compared with those calculated when all the data are used in the PCA algorithm.  
For LOO, each sample’s spectrum was excluded once for the PCA. The spectrum was 
then reconstructed through its projection on the first PC and the corresponding 
crystallinity index was calculated by equations (9) and (10). The crystallinity values thus 
obtained were very close to the ones calculated with the whole data and PCA (Figure 18 
and Table 5, column 6); mean and maximum of the absolute difference between 
crystallinity indices from the two methods (PCA and LOO) being: 0.21% and 1.32% for 
Avicel, 0.10% and 0.38% for FC. 
 To confirm the prediction ability of the new developed method, mixtures of 
untreated Avicel and amorphous Avicel (PASC) with various compositions were 
prepared (values refer to weight percentage): 80:20, 57:43, 40:60, 20:80. The calculated 
crystallinities (when the spectrum was not included in the computation of the PCs) were 
very similar to the theoretical ones (Table 6; Figure 34 in Appendix D), highlighting the 
power of the method; mean and maximum of the absolute difference between theoretical 
and calculated crystallinity indices were 1.64% and 2.99% respectively. This shows that 
the crystallinity index numbers are not artifacts but physically meaningful numbers 
representing the fraction of crystalline cellulose in a given sample of cellulose. In 
contrary, the peak height method did not predict well the crystallinity index (Table 6); 
mean and maximum of the absolute difference between theoretical and calculated 
crystallinity indices were 22.31% and 36.34% respectively.  
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Table 6. Theoretical and calculated crystallinity indices for various mixtures of untreated 
Avicel and amorphous cellulose, obtained by the method developed in this work, and 
















80 49 49.75 0.981 77.72 86.81 
57 34.2 33.98 0.970 52.62 71.45 
40 27 29.99 0.961 48.55 73.51 
20 12 14.59 0.953 18.46 54.80 
a Theoretical Cri = (Avicel fraction*CriC + amorphous fraction*5), CriC = 60% (The 
cellulose sample used for preparing the samples was found to be not completely 
amorphous and had a calculated Cri of 5%). 
b As the samples were prepared by mixing Avicel and amorphous cellulose, a mixture 
with a given crystallinity might not be as microscopically homogenous as a pure sample 
with the same crystallinity, giving rise to some errors in the crystallinity calculations. 
 
 
4.3.5 Prediction of hydrolysis rates from X-ray data 
The calculated crystallinities and the first PC scores are linear with respect to enzymatic 
hydrolysis rates (Figure 18 and Figure 20). Therefore, hydrolysis rates could theoretically 
be predicted from the calculated crystallinity indices or from the spectra themselves. 
Since crystallinity is just a property calculated from the spectra, we aimed at predicting 
the hydrolysis rates from the spectra itself. Doing so is not possible without any data 
transformation as the number of parameters (equal to the number of dimensions plus one 
constant) would far exceed the number of equations (equal to the number of samples). 
Through dimensionality reduction via PCA, we can overcome this problem. PCA of X-
ray data shows that only one PC is sufficient to describe the X-ray data, and the 
hydrolysis rates are linear with respect to the first PC scores (Figure 20). It is interesting 
to note that the R2 of the fit of hydrolysis rates with crystallinity (from PCA) is the same 
as that with the first PC scores (R2 = 0.962 and 0.9553 for Avicel and FC respectively). 
Regression of reconstructed spectra in equations 9 and 10 is indeed equivalent to 
regressing just the first PC scores; since there is no error term involved due to only one 
100 
 
PC being used, the crystallinity indices are linear with respect to the first PC scores. A 
statistical test on the significance of the parameters shows that for principal component 
regression (PCR) (regression of hydrolysis rates vs. PC scores) also, one PC suffices (p-
value <0.0001 for β0 and β1 of equation 18, and equal to 0.08 and 0.28 corresponding to 
β2 for Avicel and FC respectively; p-values of 0.008 and 0.28 imply that β2 is not 
statistically significant). PCR thus is able to accurately predict the enzymatic hydrolysis 
rates of cellulose samples using the X-ray spectra information.  
The trend observed for the initial enzymatic hydrolysis rates of Avicel and FC may 
however be different for rates over longer reaction times, and should not be generalized 
to other cellulosic substrates without independent experiments. X-ray spectra of cellulose 
materials still have the power to estimate the degree of crystallinity of cellulose with 
consistency, and can give valuable information on the substrate and its susceptibility to 
enzymatic attack without actually performing any hydrolysis experiment. 
 A comment on the possible discrepancy between hydrated conditions for 
enzymatic reaction and dry cellulose samples for X-ray crystallography: enzymatic 
hydrolysis of cellulose necessarily occurs under hydrated conditions, whereas we employ 
dry (freeze-dried) samples for X-ray crystallography.  The crystallinity index of hydrated 
samples can be measured as well, such as by the method of acid hydrolysis kinetics in 
boiling hydrochloric acid (Clarkin and Clesceri, 2002).  Indeed, there are reports of 
differences in crystallinity index values of dry and hydrated cellulose from some sources 
as measured by 13C NMR (Park et al., 2009).  However, we do not expect the degree of 
hydration to have a major impact on our results. First, the method developed in this work 
has been validated with leave-one out cross validation and samples with known 
percentages crystalline and amorphous cellulose (section 4.3.4). Second, all the pretreated 
samples were subjected to the same freeze drying conditions, and thus fixing the 
reference crystallinity index value at 60% (Avicel) or 72% (FC) reduces systematic 
deviations. Last, it was found that freeze drying did not affect the Avicel crystallinity 
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index. Nevertheless, the question of the congruence of crystallinity indices measured by 
13C-NMR spectroscopy with dry or hydrated samples should be investigated further.   
 
4.3.6 PCA of Avicel and FC spectra sets together 
PCA on the combined spectra sets of Avicel and FC was done to investigate the 
possibility to describe the data sets with a limited number of PCs. The motivation for 
doing so was to develop a crystallinity index calculation tool which can hold for both 
types of substrate; given multiple cellulose I substrates and their spectra, it might be 
possible to describe all of them with a very few PCs. A first look at Figure 19b shows 
that the first PCs for the two substrates are similar. A plot of the singular values for the 
combined data set (Figure 19a) showed that although the first PC accounts for 86% of the 
variation (2.652/(2.652+0.912+…)), two PCs might be required as σ2




2) = 0.26; σi denotes the i
th singular value. The role of the second PC seemed 
to be to bring the peak of the 200 plane to the correct angle, e.g. from 22.7o with one PC 
to 22.4o as in the normalized spectrum for Avicel (Figure 21). The R2 values of the fit 
between reconstructed spectra from one PC and the original spectra were much higher for 
FC (0.93<R2<0.99; mean R2 = 0.97) than Avicel (0.85<R2<0.99; mean R2 = 0.93). These 
R2 values increased when the spectra were reconstructed from 2 PCs (0.94<R2<0.99, 
mean R2 = 0.98 for Avicel and 0.96<R2<0.996, mean R2 = 0.99 for FC). For calculation 
of crystallinity index, the reconstructed spectra from two PCs were used in the following 
equations: 
j 1 P 2 A 3 FCI (2 )  =  I (2 ) I (2 )  + I (2 )  + r j r j r j rf f fθ θ θ θ ε+                                                      (19) 
1 2 3 +  +  = 1j j jf f f                                                                                                             (20) 
The least square estimates of fj2 and fj3 - 2ˆjf  and 3ˆjf  were then used to calculate the 
crystallinity of the jth sample: 
j 2 A 3 FC
ˆ ˆCri  = *Cri  + *Crij jf f                         (21) 
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CriA (=60%) and CriFC (=72%) are the reference crystallinity indices of Avicel and FC 
respectively. 
The crystallinity indices calculated with the combined data sets were very close to those 
with PCA on the individual data sets (Figure 35 in Appendix D). The mean and 
maximum of the absolute difference between the crystallinity indices from the two 
methods were 0.87%, 3.58% for Avicel and 3.66%, 6.84% for FC. The PCA on the 
combined data can thus successfully predict the degree of crystallinity of either Avicel or 
fibrous cellulose by projecting them onto two PCs: the first one captures the major 
variation in the spectrum while the second one primarily brings the 200 peak to the 
correct angle. 
 In order to predict hydrolysis rates from the combined data set, and have an 
expression applicable to both Avicel and FC, the hydrolysis rates were regressed to the 
principal component scores of the two PCs obtained from the combined data set. The 
high R2 value (0.92) shows the good fit of the linear relation between the rates and the PC 
scores. The method outlined in this section can thus be used to predict the crystallinity 
and hydrolysis rates when two types of cellulose I substrates are at hand. Once the PCs 
have been determined, it is possible to calculate the degree of crystallinity and predict the 




Figure 21. Normalized Avicel spectrum, reconstructed Avicel spectrum with one PC 





A new method for calculating the crystallinity index of cellulose from X-ray diffraction 
data was developed and tested on samples of intermediate degrees of crystallinity. 
Dimensionality reduction of the normalized X-ray spectra revealed that they are highly 
concentrated along a single dimension and it is possible to collapse a spectrum onto one 
number. The crystallinity indices calculated by principal component analysis (PCA) with 
one principal component were similar to those obtained by regressing the whole 
spectrum. The method was validated by the leave-one-out method, and the calculated 
crystallinities of cellulose mixtures prepared with varying ratios of Avicel and amorphous 
cellulose were shown to be consistent with the theoretical values. The data set produced 
in this work can now be used to calculate the crystallinity index of any Avicel and fibrous 
cellulose sample, which may have relevance for evaluating the efficacy of a pretreatment 





























Avicel with 1 PC
Avicel 2nd PC contribution
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method, understanding crystallinity changes over the course of enzymatic hydrolysis, 
understanding the relationship of crystallinity to other properties such as degree of 
polymerization (DP), or any other application where crystallinity plays an important role. 
Recently, it was successfully applied to Cel7A CBD pretreated cellulose (Hall et al., 
2011), where CBD pretreated samples were shown to be having reduced crystallinity. It 
was also applied to partially converted Avicel, and was in agreement with solid state 13C 
NMR in showing constancy of cellulose crystallinity with conversion (Chapter 3). PCA 
also makes possible the accurate prediction of hydrolysis rates from X-ray spectra data 
sets, as calculated crystallinity indexes were found to be linearly related with the 
corresponding hydrolysis rates. 
The crystallinity index calculation method presented could additionally be tested 
with cellulosic substrates other than Avicel and fibrous cellulose. Though the results 
might give different trends, the overall framework will still be applicable – data 
normalization, calculation of crystallinity index from the normalized data, dimensionality 
reduction through PCA, calculation of crystallinity by PCA, and regression of hydrolysis 





COMPUTATIONAL ANALYSIS OF THE PROTEIN SEQUENCE 
SPACE: A NEW METHOD TO IDENTIFY TARGET MUTATIONS 
 
(Experimental work on Old yellow enzymes was done by Dr. Yanto Yanto and Jonathan 
Park) 
 
The finding that the cellulose binding domain (CBD) of Cel7A can reduce cellulose 
crystallinity upon pretreatment (Hall et al., 2011), and also impart thermostability to the 
intact Cel7A (Hall et al., in press), shows that it is a promising target for protein 
engineering. As far as protein engineering is concerned, the assay required to check for 
crystallinity reduction and a further increase in hydrolysis rates requires incubation times 
of 15 hours. Thus, any approach akin to directed evolution requiring a high throughput 
assay is infeasible. Rational design driven by structure-function relationship may be 
applied here to engineer the CBD residues interacting with the cellulose surface. 
However, knowledge is limited as Cel7A CBD mutations have been investigated to study 
adsorption effects only (Carrard and Linder, 1999; Linder et al., 1995a; Linder et al., 
1995b). Also, since only one three dimensional structure is available for the family I 
CBDs (http://www.cazy.org/CBM1_structure.html, as of August 10, 2011), structural 
comparison with other members of the family is not possible. The third wave of protein 
engineering involving statistical tools to relate sequences and functionality requires an 
initial data set which also entails significant experimental effort. The generation of the list 
of suggested mutations thus has to be guided by a systematic method. SCHEMA (Meyer 
et al., 2003), Rosetta (Siegel et al., 2010), and CASTing (Reetz and Carballeira, 2007) 
have shown promise, but all of these require structural knowledge. 
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 A method utilizing patterns in a protein family’s sequence has been developed 
using principal component analysis (PCA). The underlying idea is to identify patterns in a 
protein family’s sequences, and then look for changes (mutations) in our protein of 
interest such that the new variant is closer to the underlying low-dimensional manifold of 
the sequences. This low-dimensional topology is identified by subjecting the protein 
family sequences to principal component analysis (PCA). Non-negative matrix 
factorization (NMF) (Lee and Seung, 1999), another linear dimensionality reduction 
technique that explores the linear sub-space of a high dimensional data set was also 
tested. ISOMAP (Iso-lateral mapping), a non-linear dimensionality reduction technique 
(Tenenbaum et al., 2000), was found to explain the data in a lower number of 
dimensions, but since the mapping back to sequence space is not easy, its applicability is 
limited. 
 To gauge the performance of the PCA based method, the family of 
sequences of proteinase K was run through the PCA algorithm, and the suggested 
mutations at the 24 positions were compared with those in Liao et al. (2007). The family I 
of CBDs was also analyzed and the suggested mutations will be used by Yuzhi Kang in 
the Bommarius lab on Cel7A CBD. Mutations suggested for Old Yellow enzymes have 
also been tried (in collaboration with Dr. Yanto Yanto and Jonathan Park), but no 












Figure 22 shows the approach for identifying the mutations 
 
Figure 22. Illustration of the working of PCA based sequence analysis to identify target 
mutations. In yellow are shown the mutations upon mapping back to sequence space 
(note: this is just an illustration, not a real example). 
 
 
Step 1: Collect protein sequences from the protein data bank (PDB), align them using an 
alignment tool like Clustal W (Thompson et al., 1994). Residue at a position is defined 
based on the sequence alignment. 
 
Step 2: Subject the sequence data set to PCA, and reconstruct the protein sequence of 
interest with a limited number of principal components. Positions that upon 
reconstruction have a residue different than the one present originally are the positions of 





Step 3: Repeat the PCA and sequence mapping (reconstruction) with different data sets 
of the collected sequences, and rank the mutations based on the weight of the suggested 
residue and its frequency of occurrence. Gaps are excluded when considering mutations. 
 
There are two parameters that the user has to define. These are explained below: 
‐ Window sizes: As stated above, different sub‐sets of the sequences are used to identify 
mutations. The reason for this is to avoid biasing of the suggested residue by the closest 
homologues. So, our protein of interest (say, protein number 1), is selected with (say) n 
other proteins from the sequences. This sub set then cascades down by one in the table, 
and so on. The number n is the window size. This procedure can be repeated with 
multiple window sizes, the range of which is up to the user.  
 
To test for variance (standard deviation) in the weighted frequencies of mutations, any 
two sequences can be swapped or excluded to repeat the PCA. Frequency is the number 
of times a mutation is observed for a chosen subset. Weighting is explained in section 
5.1.3 (Reconstruction of protein sequences). 
 
‐ Percentage cut‐off for excluding positions having gaps: Upon alignment, there will be 
some positions having gaps in many of the sequences. These positions are considered as 
having no residue, or in mathematical terms, having lack of information for the data set. 
To avoid biasing the results from these positions with lack of information, only those 
positions with a certain percentage of information are included in the PCA. The cut‐off is 
to be set by the user. 
 
The number of principal components can also be set as a parameter, but it is 
suggested that these be varied from 1 to the maximum number (in this work, it will be the 
number of data points/sequences). 
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5.1.2 Feature space 
To represent the proteins mathematically, each position was assigned twenty dimensions, 
corresponding to each amino acid residue. The order of assignment among the twenty 
amino acid residues does not affect the computation. If an amino acid is present at a 
particular position in a sequence, then the dimension corresponding to that amino acid 
residue at that position is assigned a value of 1, if not then 0. For example, the amino acid 
block AST will look like: 
 
[1 0 0…..0| 0 0…..1 0 0 0|0 0 0…..1 0 0 0]  
when dimensions are assigned alphabetically – A, C, D,… Y for alanine, cystine, aspartic 
acid, … tyrosine. 
 
Every position could have alternatively been assigned a number based on a physiological 
property, in which case the results would have been determined or biased rather by that 
property. The selection of the feature space chosen in this work ensures that the principal 
components and the reconstructed sequences are driven solely by occurrence of amino 
acid residues. It also has the advantage of being linearly separable if at some point 
classifying tools such support vector machines are to be applied (Dubey et al., 2005). 
The data matrix will be a sparse. The dimensions with all zeros or all ones will 
have no error upon reconstruction (for proof see Appendix E). In the computation of this 
work, all dimensions with zeros were removed to avoid excessive memory usage in 
MATLAB® (The Mathworks Inc. R2008b).   
 
5.1.3 Reconstruction of protein sequences 
The protein sequence data, expressed as given below, was subject to principal component 
analysis. More details of PCA can be found in Jolliffe (2002). 
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                                                                                                               (1) 
 
 
where n is the number of sequences, p is the number of dimensions = 20*number of 
positions in alignment.  
From this matrix, the dimensions with all zeros, or all ones were eliminated for 
computation of the principal components. To find the principal components (vectors in 
the n dimensional space along which the data might be concentrated), singular value 
decomposition (SVD) of the Z matrix (given below) is performed. The Z matrix is 
obtained by mean centering the columns of XT. Standard deviation normalization is not 
performed because of the presence of completely conserved positions (a zero divided by 
zero situation will be encountered in that case). This is also the case with X-ray data as 
mentioned in Chapter 4. 
SVD of the Z matrix will give the principal components through -: 
                                                                                                            (2)                       
U and V are matrices consisting of orthonormal vectors. 
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The Z and X matrix can be reconstructed (Zr and Xr) from the reduced dimensional score 
matrix Ztf:  
                                                                                                       (4) 
Zr = ULZtf = ULU
T
LZ                                                                                                         (5)  
(Xr)ij = ix  + (Zr)ij                                                                                                               (6) 
where ix  is the mean of the i
th column in XT. 
 
For any position in the original data matrix we have a 20 dimensional array – [0 0 0 0 …. 
1 0 0 0] where there is a 1 for the residue present at that position and 0 otherwise. In the 
reconstructed matrix, this may not be the case: [0 0 0 0 …. 0.3 0.45 0.25 0]. The value 
highest in magnitude (closest to 1) is then rounded off to 1 and others to 0 to approximate 
the residue present in the reconstructed array. The value in the reconstructed matrix is the 
weighting; in the above example the weighting is 0.45. When the mutations are scored 
with different subsets of the sequences, this weighting is also taken into consideration. 
 Upon reconstruction the twenty elements corresponding to a position always sum 
to unity, except in some cases where there is no residue present for some sequences 
(gaps). Residues suggested at gaps are not considered while counting mutations. 
 
5.1.4 Properties of the method 
Some of the properties of the method that will become clearer through its applications to 
certain data sets in the next few sub-sections are -: 
1. The method tells which positions to mutate and what residues to mutate them to, in 
order of their ranking. 
2. PCA involves eigenvalue decomposition of the covariance matrix. Therefore, 
covariations and coevolution of residues is accounted for. This is more than just pair-
wise correlation analysis. 
T T
tf L L LZ  = U Z = S V
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3. The target residue suggested at a position is within the library. In other words, it will 
not suggest a residue that is outside those (at any given position) in the family of 
sequences. This also implies that there will be no mutation suggested at completely 
conserved positions; a mathematical proof of this can be found in Appendix E. 
4. It requires no activity/functionality data as it is uses only the protein sequences. In 
data-mining or machine learning terminology, it is a case of unsupervised learning. 
As stated in conclusions and perspectives, activity can be incorporated into the 
method. 
All computations were performed in MATLAB® (The Mathworks Inc. R2008b). 
 
5.2 Test case – Proteinase K  
5.2.1 Application to proteinase K data 
Liao et al. (2007) selected twenty four mutations (twenty four target residues at twenty 
four positions) in proteinase K based on literature reports. Using various linear regression 
models, they identified ten positive mutations and were able to achieve a twenty fold 
improvement in the activity after three rounds. Their procedure is shown in Figure 23. 
 
 
Figure 23. Framework of Liao et al. (2007) 
 
The performance of the PCA method was checked by applying the PCA method to the 57 
sequences used by Liao et al. (2007). The top ranked suggested mutations were then 
compared with those in the original work. Parameter settings and data size are shown in 
Table 7. 
WT
Create initial set of variants






Table 7. Data set size and parameter settings for proteinase-k data. 
Data size* 57 
Percentage cut-off 70% 
Window size 25 
*Sequences had greater than 30% identity with respect to the proteinase K of interest. 
 
 
The top twelve ranked mutations are shown in Table 8, and their scores (weighted 
frequencies) with standard deviations in Figure 24. Of the ten positive mutations in Liao 
et al. (2007), four appear in the top twelve ranked mutations, and three in the top six. 
Some mutations have an unknown effect because the residues suggested by the PCA 
method at those positions are different from the ones chosen in the original work. The 
number of positive mutations in Table 8 might therefore be more than four. 
 
 
Table 8. Ranking of mutations (first 12) and their effects. 
Rank Mutation Effect 
1 G293A Strong positive 
2 S273T Positive 
3 V167I Negative 
4 N95G ? 
5 S123T ? 
6 I132V Positive 
7 K208S ? 
8 S337A ? 
9 K332G ? 
10 M145Q ? 
11 S107Q ? 









5.2.2 Comparison with consensus approach 
According to the consensus method of chosing a mutation, the residue at the position of 
interest is mutated to the one that is present in the majority in the family of the sequences 
(Steipe et al., 1994).  The comparison is shown in Table 9. Outside the first three 
mutations, there is no pattern followed as far as the consensus residue is concerned. The 
relation between a consensus residue and a PCA suggested mutation can be understood 
from the equation used for reconstruction (mapping back to the protein sequence) 
(equation 6). 
 
(Xr)ij = ix  + (Zr)ij                                                                                                               (6) 
First term on the right hand side is the mean, which is representative of the frequency of 
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residue, then it will dominate the reconstruction, and therefore the suggested residue. 
However, if there is no majority in the residues at a position, then the second term on the 
right-hand side, the correlation term, will determine the suggested residue. The PCA 
suggested residue constitutes therefore a balance between the two. 
 
 
Table 9. Comparison of PCA mutations with those suggested by the consensus approach 
(most commonly occurring, in parentheses is the fraction of sequences having that 
residue), and the BLOSUM 62 matrix residues (scores in parentheses). 







1 G293A Strong positive Yes (0.88) 0 A, S, N (0) 
2 S273T Positive Yes (0.7) 1 N, A, T (1) 
3 V167I Negative Yes (0.5) 3 I (3) 
4 N95G ? No (0.43) 0 L (2) 
5 S123T ? Yes (0.47) 1 N, A, T (1) 
6 I132V Positive No (0.4) 3 V (3) 
7 K208S ? No (0.21) 0 R (2) 
8 S337A ? Yes (0.35) 1 N, A, T (1) 
9 K332G ? Yes (0.47) -2 R (2) 
10 M145Q ? No (0.14) 0 L (2) 
11 S107Q ? Yes (0.47) 0 N, A, T (1) 




The mutations were also compared with the BLOSUM 62 matrix, which is a substitution 
matrix used to score alignment between proteins (Henikoff and Henikoff, 1992). Out of 
the twelve mutations shown, only two clearly matched with the BLOSUM 62 suggested 
residue (V167I and I132V), and four other mutations were from one of the BLOSUM 62 
suggested residues (G293A, S273T, S123T and L180I) (Table 9). It is not surprising that 
some of the PCA mutations match the residues from this matrix because the input to the 




5.3 Test case – Old Yellow Enzymes 
Old Yellow Enzymes are flavoproteins catalyzing the reduction of activated alkenes and 
can produce up to two chiral centers in a stereospecific manner (Hall et al., 2010b). One 
hundred and thirty two mutations were identified in the ene-reductase from Yersinia 
bercovieri (Yers-ER) via PCA (Figure 25). The data set consisted of twenty eight 
sequences, with 22 to 76% identity with respect to Yers-ER. The percentage cut-off was 
fixed at 70%, whereas the window size was varied from 16 to 24. 
 
 
Figure 25. Scores (normalized mean of weighted frequency) of mutations for various 
window sizes (Wsize). 
 
 
Of the one hundred and thirty two mutations suggested by PCA, the ones present in the 
first and second shell of the bound flavin molecule were chosen. The first- and second- 
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flavin molecule. The structural analysis was performed in PyMOL (The PyMOL 
Molecular Graphics System, Version 1.3, Schrödinger, LLC.). Of the twelve mutations 
identified, four showed improvement over the wild-type, four showed comparable 
activity, two were undetermined, and only two showed a drastic decrease (Table 10). No 
change in enantioselectivity was observed. 
 
 
Table 10. Activities of twelve variants containing mutations in the first and second shell 
of flavin molecule. Color coding: black – comparable to WT, blue – greater than WT, red 
– less than WT. 
    Specific Activity [U/mg]  
Avg Rank Mutant 2-cyclohexen1-one Ketoisophorone 
- WT 2.76 - 5.95 - 
25.2 G348P 2.53 91.70% 5.87 98.60% 
26 A72T 0.49 17.80% 1.28 21.50% 
33.4 I235L 3.7 134.10% 7.14 120.00% 
35.2 H185N 0.05 1.80% 0.18 3.00% 
38.4 I271M 2.72 98.60% 4.8 80.70% 
45.4 L181I 1.98 71.70% 4.41 74.10% 
59.8 T350S 4.04 146.40% 7.7 129.40% 
62 T57S NA NA NA NA 
67 A183S 4.41 159.80% 8.42 141.50% 
83 A303R 2.82 102.20% 6.73 113.10% 
140.2 T305D NA NA NA NA 
144.4 P346Y 2.61 94.60% 5.38 90.40% 
NA – not available 
 
 
To investigate the effect of mutations near the substrate, of the one hundred and thirty 
two mutations, the ones present in the first and second shell of the bound 2-cyclohexen1-
one in Yers-ER were tested for their influence on activities of Yers-ER on 2-
cyclohexen1-one and ketoisophorone. No improvement over the WT was observed 
(Figure 26) (three variants - T133F, T133S, and V134L were not asssayed with 
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consistency and most likely give activity less than the WT). When the amount of flavin 
bound is considered, V105T and T132V show activities comparable to the WT for 





Figure 26. a) Activities of variants containing mutations in the first and second shell of 

















































5.4 Application to family I of cellulose binding domains 
5.4.1 Identification of mutations 
A BLAST search was carried out on the Cel7A CBD sequence. 100 hits were obtained 
out of which 49 were collected, based on screening repetitions, and selecting only those 
that were reported in publications. The sequences and organism sources are given in 
Appendix F. Eight of these were putative sequences, which were excluded from the 
analysis. With a window size of 25 and percentage cut-off of 70%, the ranking of 
mutations is shown in Table 11 (one run only, no variance added by sequence exchange 
or exclusion). An interesting observation is that S3T has the highest frequency but due to 
its lower weighting compared to S14T, it is not ranked first. Similary, Q26K occurs more 
often than G22P, Y5W and Y13W but with a lower weighting.  
 
 




weighting Weighted frequency 
S14T 34 0.61 20.85 
S3T 43 0.33 14.22 
V18T 35 0.36 12.70 
G22P 17 0.58 9.82 
Y5W 16 0.54 8.68 
Y13W 13 0.63 8.18 
Q26K 20 0.31 6.22 
V18T 9 0.35 3.18 
T23Y 8 0.34 2.71 
T23A 8 0.30 2.40 
H4L 4 0.35 1.40 
S3A 5 0.27 1.33 
I11S 3 0.40 1.21 





Standard deviations of the weighted frequencies in the first seven mutations were 
investigated (first seven were chosen because of their high frequency compared to the 
remaining ones), and results are shown in Figure 27. Mutations ranked 4 and 5 (G22P, 
and Y5W) show comparable means, and mutation 6 (Y13W) has a mean higher than 
them but with a high standard deviation.  
These mutations are now candidates for studies related to reduction in cellulose 
crystallinity upon pretreatment with Cel7A CBD (and a simultaneous increase in rates), 
or thermostability improvement. 
 
 
Figure 27. Weighted frequencies and their standard deviations in the different mutations, 
numbered according to Table 11. 
 
 
5.4.2 Analysis of covariation in the library 
To get an idea of how the interactions/correlations between residues at different positions 
might be important, two tests were done: 1) scrambling the residues position-wise and 

























one half (positions 1 – 18 or 19 – 36) by making the entries zeros in the corresponding 
dimensions to check for mutations suggested in the other half.  
As scrambling is random, every time we scramble, we are likely to get a different 
result. For one run, the results are shown in Table 12. Of the top nine mutations only five 
are captured, that too with a jumbled order, and low frequency and weighting. 
When information in the first half of the sequence is removed, only Q26K shows 
up as the suggested mutation; implying that the mutations at positions 22, and 23 are lost. 
Ranking after removal of information in the second half is able to capture most of the 
mutations, although in a different order, and ranking (Table 13). As explained before in 
section 5.2.2 for proteinase K, the residue at a given position reconstructed from PCA has 
two main determining factors – the average residue, and the correlations with other 
positions (equation 6). It is clear that there is a strong correlation term as seen with the 


















Table 12. Mutations in Cel7A CBD for scrambled sequences. 
Mutation Frequency Average weighting Weighted frequency 
V18T 13 0.30 3.90 
S3T 12 0.29 3.48 
S3A 8 0.32 2.56 
G22P 3 0.54 1.61 
H4K 4 0.28 1.12 
S14T 1 0.51 0.51 
H4V 2 0.25 0.50 
V27T 1 0.33 0.33 
 
 
Table 13. Mutations at positions 1 – 18 in Cel7A CBD when information at positions 19 
– 36 is removed. 
Mutation Frequency Average weighting Weighted frequency 
S3T 43 0.53 22.67 
Y13W 10 0.64 6.44 
S14T 8 0.58 4.63 
Y5W 8 0.56 4.45 
V18T 10 0.32 3.17 
V18A 10 0.26 2.62 
H4L 9 0.25 2.24 
H4V 5 0.40 2.02 
V18N 2 0.30 0.60 
 
 
5.5 Non-negative matrix factorization 
Non-negative matrix factorization (NMF) identifies the lower-dimensional linear sub-
space of a data set with the constraints that the feature vectors and their scores are non-
negative (Lee and Seung, 1999). Singular value decomposition (SVD) for PCA contains 
negative entries and thus is difficult to interpret for non-negative data sets such as 
images, texts, and protein sequences. NMF is able to achieve a parts based representation 




min ( ) . . 0
2W,H
W,H A-WH        W,H
F
f s t≡ ≥
different frequencies. NMF is particularly useful in the case where the aim is clustering. 
The feature vectors (dimensions) in this case correspond to the clusters. 
 
                                                                 (7) 
A is the data matrix, W is the matrix consisting of the feature vectors, H is the 
loading/score matrix. For a positive definite D, 
WH = WDD-1H                                                                                                                (8) 
 
One of the shortcomings of NMF is the non-uniqueness of the feature vectors as seen in 
equation 8. In cases where uniqueness of the feature vectors is not  a concern, e.g., 
clustering, classification, image cleaning, etc., NMF is useful. The most critical step in 
identification of mutations in the methodology developed in this work is the 
reconstruction or mapping back of the low-dimensional data to the sequence space. 
Figure 28 shows the root mean square error (RMSE) for CBD famliy I and OYE data 
sets. It is clear from the RMSE results that the degenerate solutions are obtained. The 


















Figure 28. NMF RMSE for different runs - a) family I of CBDs, b) OYE data set. The 
number of dimensions are shown next to the RMSE value. 
 











































The current state of the art for NMF is not applicable for identification of target 
mutations in the protein sequence space. Perhaps, a different feature space that ensures 
uniqueness of NMF solutions, or a methodology non restricted by the uniqueness of 
matrix decomposition will be able to utilize NMF in future. 
 
5.6 Non-linear dimensionality reduction 
To explore the applicability of non-linear dimensionality reduction methods for 
identifying target mutations, Isomap was tested. Isomap (Tenenbaum et al., 2000), 
determines the low dimensional embedding by preserving the geometric distances of the 
original space. The number of dimensions need to be specified by the user, and so does 
the number of nearest neighbors or the fixed radius ε. Isomap is able to capture the 






















Figure 29. a) Residual variance for Isomap, and b) Scree plot for PCA, when applied to 
family I CBD data set. 














































Unlike PCA or NMF, Isomap and other non-linear dimensionality reduction methods do 
not output a set of basis vectors due to their non-linear nature. Reconstruction (called the 
pre-image problem in machine learning) then is not trivial. The current pre-image 
methods assume that any reconstructed point is within the span of its neighbors and 
requires singular value decomposition (Kwok and Tsang, 2004), thus involving 
something that is not any different from PCA. Non-linear methods such as LLE (local 
linear embedding) have been applied for protein classification (Wang et al., 2005), but 
the pre-image problem makes these methods difficult to apply in the framework 
developed in this work. In the case of available activity or y data, these methods can be 
very useful for classsification or regression. 
 
5.7 Conclusions 
A new method based on principal component analysis was developed to utilize the 
underlying pattern in the sequences of a protein family, and suggest mutations. The 
differences between residues at specific positions in the original sequences, and the ones 
closer to the landscape, are the target mutations. In the absence of a high throughput 
assay, the only surrogate for a library of active protein sequences are the homologs 
obtained from the protein data bank. Since activity data is not utilized in the developed 
PCA method, there might not exist a strong correlation between the ranking and the 
performance. However, as seen with proteinase K, the method is able to pick up 
beneficial mutations with a reasonable degree of success. The method can also be useful 
if the aim is to identify positions tolerant to mutations. In the case of Old Yellow 
Enzymes, even though there was no significant improvement over the WT activity, a 
major fraction of the variants were shown to have comparable activities. This has to be 




 Non-negative matrix factorization (NMF) and Isomap were also tested on protein 
sequence data but were found to have limitations. NMF suffers from degeneracy whereas 
Isomap has limited applicability due to the pre-image problem. When suitable amounts of 
activity data become available for regression or classification, these methods should be 
investigated further as unique feature vectors or reconstruction (pre-image) may not be 
required. In this light, PCA, NMF, Isomap or other dimensionality reduction methods can 






CONCLUSIONS AND RECOMMENDATIONS 
 
The precipitous decline in the rates of the enzymatic hydrolysis of cellulose is one of the 
major limitations to the commercialization of second generation biofuel. Understanding 
the causes behind the decelerating rates has been challenging due to the interplay of many 
enzyme- and substrate-related factors. In this thesis, published kinetic modeling works on 
cellulose biohydrolysis were critically reviewed, and incisive kinetic studies were carried 
out to identify and quantify the various rate limitations. Cellulose crystallinity, a major 
rate governing property, which suffers from measurement and calculation 
inconsistencies, was quantified accurately and consistently using a method using 
multivariate statistical analysis. 
 Engineering cellulases for higher activity and thermostability, and cellulose 
binding domains for cellulose crystallinity disruption and thermostability is an attractive 
route to enhance cellulose hydrolysis rates. However, in the absence of high throughput 
assays, and lack of knowledge on the role of specific amino acid residues, mutations have 
to be picked judiciously. To tackle this issue, a method based on principal component 
analysis was developed and tested on literature as well experimental data. 
 
6.1 Identifying rate limitations in the enzymatic hydrolysis of cellulose 
The published kinetic models and experimental studies in the literature point to various 
substrate- and enzyme- related properties affecting cellulose hydrolysis rates along 
conversion – accessibility, intrinsic reactivity, enzyme inactivation, product inhibition, 
jamming, clogging, increase in cellulose crystallinity, decrease in enzyme synergism, 
fractal nature of the substrate, and depletion of chain ends for cellobiohydrolases. The 
plethora of factors and diversity in the kinds of substrates makes it challenging to 
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accurately identify and quantify the dominant factors. There exists no single study that 
has unequivocally pinpointed the phenomena behind the decreasing rates. Models based 
on Michaelis-Menten kinetics and those having empirical factors are expected to mask 
the real underlying factors responsible for rate retardation. 
 In this thesis, it was shown that the rate limiting phenomena that were either not 
occurring or could be avoided are - changes in average cellulose chain length (previous 
degree of polymerization experiments by Dr. Mélanie Hall with cellulase mixture), 
jamming (as seen in the saturation but no decline in rates with adsorption), crystallinity 
change, cellulase deactivation as a first order process (stochastic modeling studies), and 
product inhibition (Bommarius et al., 2008). 
 Based on findings from computational and experimental works, kinetic studies 
were carried out to identify substrate accessibility and hydrolysability as the major rate 
hindrances. Reactivity, the rate of hydrolysis per amount of productively bound cellulase, 
was observed to remain constant up until a conversion level of 66%. Accessibility was 
quantified by adsorption studies, where the adsorption data at each conversion level was 
fit to the Langmuir isotherm. While the maximum adsorbable capacity did not decrease 
much over the conversion range studied (0 – 66%), a steady decrease in the adsorbed 
amount for various enzyme loadings was observed. This is probably due to a reduction in 
the cellulase affinity for the cellulose, captured in the association constant of the 
Langmuir isotherm. Hydrolysability, the reactive fraction of accessible cellulose, was 
observed to decrease from nearly 100% to approximately 25% at about 30% conversion, 
and then remain constant. This was also used to determine the fraction of productively 
bound cellulases at various enzyme loadings, which was shown to follow a trend similar 
to that of hydrolysability with conversion (at maximum substrate coverage with 
cellulases, the fraction of productively bounds cellulases is equal to hydrolysability). 
Enzyme clogging was observed in the form of higher restart rates as compared to the 
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uninterrupted rates. This is the first work to thoroughly screen the various rate limiting 
hypotheses, and quantify hydrolysability along conversion. 
 
6.2 Multivariate statistical analysis to determine the degree of crystallinity of 
cellulose 
By quantifying the respective contributions of amorphous and crystalline cellulose to the 
X-ray diffraction spectra of cellulose with intermediate degrees of crystallinity (Avicel 
and fibrous cellulose), a new method to obtain consistent crystallinity index values was 
developed. The crystallinity indices obtained were found to be linearly related to the 
enzymatic hydrolysis rates. Dimensionality reduction of the spectra with principal 
component analysis revealed the single dimensional nature of the spectra, and was also 
used to determine the crystallinity index values. Crystallinity values obtained from 
regressing the whole spectrum, PCA, and leave-one-out validation overlapped very well 
with each other. The calculated crystallinity values of cellulose mixtures prepared with 
varying ratios of Avicel and PASC matched very well with the theoretical values. 
Prediction of hydrolysis rates with X-ray spectra was also shown to be possible by 
regressing the hydrolysis rates to the principal component scores and the crystallinity 
index values. 
 
6.3 Computational analysis of the protein sequence space to identify target 
mutations 
The PCA method developed to identify target mutations exploits the concealed pattern in 
a protein family’s sequences. The sequence of interest is approximated by one that is 
closer to the identified landscape, and the differences in residues at different positions are 
chosen as the target mutations. The success in identifying beneficial mutations was 
demonstrated through the PCA method’s application to the family of proteinase K. 
Effects of mutations at certain positions were compared with published results, and a 
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major fraction of the top ranked mutations were seen to be positive. Performance of the 
PCA method on old yellow enzymes was tested by picking the suggested mutations in the 
first and second shell of the bound flavin and cyclohexenone substrate. When tested for 
activity and enantioselectivity, no significant improvement over the WT (ene reductase 
from Yersinia bercovieri, Yers-ER) was observed. One reason for the lack of success of 
PCA on Yers-ER could be that the first and second shell mutations selected from the 
PCA list were not ranked very high (highest rank was 25). Despite the lack of gain in 
activity, only a few showed a drastic reduction in activity, pointing to a possible use of 
the PCA method in identifying tolerable mutations; a control study is however required to 
confirm this. 
 
6.4 Recommendations for future work 
6.4.1 Stochastic modeling and kinetic studies on lignocellulosic substrates and pure 
cellulases 
The Markov model approach used in this thesis to check for clogging of 
cellobiohydrolases, can be investigated further based on parameters estimated from 
kinetic studies. Once validated with current time-conversion data, it can be used to check 
for parameter sensitivity, which can give insights into the properties of cellulases or 
substrates to engineer to achieve higher rates. Stochastic modeling can also be used to 
study fractal kinetics by introducing check blocks and obstacles, and relate it to the 
clogging phenomenon. It should be possible to use the stochastic model to examine 
synergism by varying the amounts of endoglucanases and cellobiohydrolases. 
 The kinetic experiments in this work were carried out using a pure cellulosic 
substrate, and an enzyme mixture. If done with pure cellobiohydrolases, the hydrolysable 
fraction of the reducing ends can be determined, a quantity not known yet. If it seems 
laborious and costly (due to limited pure protein availability) to obtain data at different 
conversion levels (due to desorption and drying procedure), obtaining the data even for 
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unconverted cellulose will be helpful. The same kinetic studies on Cel7A CBD pretreated 
cellulose can reveal the real reason for enhancement in rates. These should also be 
extended to lignocellulosic substrates. The current experimental design is based on the 
concept of a pure cellulosic substrate consisting of accessible, hydrolysable, and 
inaccessible portions. If lignin is modeled to have accessible and inaccessible portions, 
results of kinetic experiments correlated with the fraction of lignin remaining can give 
insights into the role of lignin in governing the rates.  
 The rate expression used to design the restart and adsorption experiments was 
formulated mainly to tease apart the different factors governing the rates, and has limited 
predictive capability. The parameters in this expression change with time and conversion, 
and are probably a manifestation of more fundamental phenomena. To model these basic 
phenomena with constant parameters can be challenging, but without it, a predictive 
model will not be possible.  
 
6.4.2 Using multivariate statistical analysis on X-ray data for characterization of 
lignocellulosic substrates 
The crystallinity method developed was tested on pure cellulosic substrates by 
quantifying the contributions of amorphous and crystalline portions. When extending to 
lignocellulosic substrates, the lignin spectrum will also have to be taken into 
consideration, thus adding another parameter. Although lignin is known to be almost 
amorphous, its statistical significance/insignificance in contributing to the substrate’s 
spectrum must be ascertained. If the fraction of lignin in a substrate is known, then the 
parameter corresponding to lignin’s contribution to the spectrum can be fixed; this 
fraction is however, not know beforehand in many cases. It will also be interesting to 
compare the crystallinities and the X-ray spectra of the cellulose component only among 
the different lignocellulosic substrates. 
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 It was shown that if Avicel and fibrous cellulose data sets are subject to PCA 
together, two principal components are required to explain the variance in the data. Using 
lignocellulosic substrates, one principal component might be sufficient to explain data 
from one substrate, but in a mixture of lignocellulosic substrates it might be interesting to 
see if the number of principal components required is the same as the number of 
substrates in the mixture. As for the prediction of hydrolysis rates, different linear curves 
were obtained for Avicel and fibrous cellulose, probably because crystallinity is not the 
only property governing the rates. Correlating hydrolysis rates of lignocellulosic 
substrates with crystallinities, and principal component scores can tell us how many 
parameters are needed to predict the rates. 
 Another interesting analysis can include correlating crystallinity index values and 
long residence time rates, as opposed to the initial rates (glucose produced in 2 minutes) 
used in this thesis work. The initial rates were observed to correlate with only the first 
principal component scores, but long term digestibility might correlate with scores from 
more than one principal components.  
 
6.4.2 Principal component analysis and other dimensionality reduction techniques 
for protein engineering 
The PCA method in this work used only the sequence data to elucidate the pattern in 
them to suggest mutations. This is a case of unsupervised learning. In the case of 
available activity data (y data), techniques other than PCA like NMF and Isomap can be 
useful. Isomap, though not conducive for reconstruction of the data set, captures the 
variance in a smaller number of dimensions and might be very useful for regression 
purposes. One issue while applying any dimensionality reduction method to protein 
sequences will be the resolution with respect to single point mutations. Because positions 
of the order of 300 are collapsed on to very few dimensions (of the order of 1 to 10), for a 
classification or regression purposes, resolution might be an issue when comparing 
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variants to the entire family. This is one of the reasons why PCA is so strong; with 
reconstruction, it is able to suggest those small steps that can be taken towards the 
landscape. However, if the space of mutations (positions and residues) is defined, then it 
may be possible to achieve the necessary resolution. In the presence of a high throughput 
assay, these methods can be used to perform regression tasks similar to those used in 
ProSAR (Fox et al., 2007).  
  It might also be interesting to accurately quantify the covariations of residues at 
certain positions. Principal component analysis implicitly accounts for the covariations, 
but it must be emphasized that gauging insight into correlations based on PCA is not 
obvious. The reason is that the quantity of interest is the likelihood of occurrence of two 
mutations when the WT is mapped back to the sequence space, and is not simply the 
co‐occurrence probability of two residues at given positions in the family of sequences. 
Recently a few works on analyzing residue coupling with graphical models have been 
published (Thomas et al., 2008; Thomas et al., 2009), and can be explored further to link 
with PCA. 
 One of the properties of the current PCA method is that the suggested residue is 
within the library of sequences. This is due to the feature space selected. However, if the 
feature space is selected such that each position is assigned only one dimension with an 
entry corresponding to a chosen physiological property, then reconstruction can suggest a 
residue outside the library. The choice of the physiological property is up to the user, and 











































































EXPERIMENTAL PROCEDURE OF PURIFICATION OF CEL7A 




Cel7A was purified (either from Trichoderma reesei expression medium or from 
commercial cellulase cocktail) by means of anion-exchange chromatography as 
previously published (Hall et al., 2010a). Purity was confirmed by SDS-PAGE (Hall et 
al., 2011). After purification, Cel7A buffer was exchanged to sodium acetate buffer (50 
mM, pH 5) using a polyethersulfone membrane (molecular weight cut-off of 10 kDa) in a 
Macrosep device. 
 
Determination of chain ends per amount of substrate 
The number of chain ends per amount of cellulose was determined as previously 














EXPERIMENTAL PROCEDURES FOR CHAPTER 4 
 
Material and chemicals 
All chemicals and reagents were purchased from Sigma-Aldrich-Fluka unless otherwise 
stated. Avicel PH-101, mildly acid-washed birch wood (Fluka 11363), fibrous cellulose 
from cotton linters (Sigma C6288, medium), cellulases from Trichoderma reesei and β-
glucosidase (from almonds, 5.2 U/mg) were from Sigma, phosphoric acid (85%) was 
from EMD (Gibbstown, NJ). 
 
Phosphoric acid pretreatment 
1 g of slightly moistened Avicel was added to 30 ml of an ice-cold aqueous phosphoric 
acid solution (concentration ranging from 42% up to 85% wt) and allowed to react over 
40 min with occasional stirring. After addition of 20 ml of ice-cold acetone and 
subsequent stirring, the resulting slurry was filtered over a fritted filtered-funnel and 
washed three times with 20 ml ice-cold acetone, and 4 times with 100 ml water. The 
resulting cellulose was used as such in enzymatic hydrolysis experiments, after moisture 
content was estimated upon oven-drying at 60°C overnight. Samples were freeze-dried 
prior to X-ray diffraction measurements. The same procedure was followed with fibrous 
cellulose. 
 
Enzymatic hydrolysis of cellulose 
A suspension of cellulose (20 g/l) in sodium acetate buffer (1 ml, 50 mM, pH 5) was 
hydrated during 1 h under stirring at 50°C. β-Glucosidase (15 U/ml) and cellulases (1.10 
mg/ml total protein, 3.8 FPU/ml) were added and the mixture was stirred at 50°C for 2 
min. Samples were centrifuged, and glucose content in the supernatant was measured via 
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the dinitrosalicylic acid (DNS) assay. All the samples were run in duplicate and for each 
of these samples, duplicate assay reading were acquired as well. The mean values are 
reported as no significant deviation was observed.  
 
Determination of glucose content 
Glucose released from cellulose was measured using the DNS assay, as published before 




X-ray diffraction patterns of cellulose samples obtained after freeze-drying were recorded 
with an X’Pert PRO X-ray diffractometer at room temperature from 10-60 °, using Cu/ 
Kα1 irradiation (1.54 Å) at 45 kV and 40 mA. Scan speed was 0.021425 °/sec with a step 





The solid-state cross polarization/magic angle spinning (CP/MAS) 13C-NMR experiments 
were performed on a Bruker Avance/DSX-400 spectrometer operating at frequencies of 
100.55 MHz for 13C. All the experiments were carried out at ambient temperature using a 
Bruker 4-mm MAS probe. The samples (~ 35% moisture content) were packed in 4 mm 
zirconium dioxide rotors and spun at 10 kHz. Acquisition was carried out with a CP pulse 
sequence using 5 µs pulse and 2.0 ms contact pulse. CrI was calculated according to 








SUPPLEMENTARY FIGURES AND TABLE FOR CHAPTER 4 
 
 
Figure 31. Superimposed spectra of amorphous samples of Avicel (Avi2 - 82.37% acid-
pretreated, blue spectrum) and FC (FC1 - 85.00% acid-pretreated, red spectrum). For 








Figure 32. Correlation of the hydrolysis rates with intensities at different diffraction 




Figure 33. The Z matrix values of untreated and phosphoric acid treated Avicel (when 
divided by the standard deviation) plotted vs. the diffraction angles. 
 











































































Figure 34. Calculated crystallinity index vs. theoretical crystallinity index for samples 
prepared by mixing Avicel and amorphous cellulose. Theoretical Cri = (Avicel 
fraction*CriC + amorphous fraction*5), CriC = 60% (The cellulose sample used for 
preparing the samples was found to be not completely amorphous and had a calculated 
Cri of 5%). The broken line is the y = x line. 
 
 
Figure 35. Plot of crystallinity index (%) as calculated with PCA on the combined data 
set vs. crystallinity index (%) as calculated with PCA on the individual data sets, for 
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Table 14. R2 values (1: fit between the spectra from equation 9 and the original spectra, 
2: fit between the spectra reconstructed from one PC and the original spectra) for a) 
Avicel and b) FC. 
a) 





(mg/ml) R2 (1) R2 (2) 
Avi1 82.41 8.74 0.93 0.98 
Avi2 (PASC) 82.37 9.23 1.00 0.95 
Avi3 79.64 9.27 0.96 0.96 
Avi4 79.23 7.9 0.91 0.97 
Avi5 78.81 7.85 0.93 0.98 
Avi6 78.6 7.1 0.90 0.96 
Avi7 78.35 6.3 0.94 0.96 
Avi8 77.83 6.37 0.98 0.99 
Avi9 77.18 4.86 0.97 0.97 
Avi10 76.79 4.76 0.91 0.90 
Avi11 76.49 4.2 0.96 0.96 
Avi12 76.12 3.55 0.99 0.99 
Avi13 75.83 2.98 0.97 0.98 
Avi14 75.48 2.07 0.98 0.98 
Avi15 70.81 2.05 0.91 0.91 
Avi16 41.56 1.79 0.95 0.95 
Avicel 0 1.2 1.00 1.00 
b) 





(mg/ml) R2 (1) R2 (2) 
FC2 82.03 9.16 0.94 0.96 
FC3 81.78 9.36 0.96 0.99 
FC4 81.71 9.74 0.91 0.97 
FC5 81.5 6.74 0.92 0.97 
FC6 81.22 10.29 0.98 0.99 
FC7 81.06 8.7 0.98 0.99 
FC8 81.05 3.55 0.97 0.99 
FC9 80.71 7.97 0.97 0.96 
FC10 80.46 5.63 0.98 0.99 
FC11 79.94 5.02 0.98 0.99 
FC12 79.51 2.72 0.97 1.00 
FC13 78.09 1.61 0.98 1.00 
FC14 75.07 1.22 0.97 0.99 
FC15 65.22 0.77 0.96 0.99 





PROOF OF PRESERVATION OF CONSERVED AND PRECLUSION 
OF ABSENT RESIDUES AT A POSITION WITH PCA 
RECONSTRUCTION 
 












∑                                                                                        (1)  
uk’s, and vk’s are the orthonormal vectors of U and V respectively. 
The reconstructed matrix Zr is computed by summing the above expression upto the 









∑                                                                                                                 (2) 









∑                                                                                                           (3) 
If the ith element of all the u’s are zero, then the ith element of all the columns in Zr will 












∑                                                                                        (4) 
Post multiplying by vTk (and ultilizing the orthonormal property), uk is given by: 







∑                                                                                                                    (6) 
In the case of completely conserved residues or complete absence of a residue at any 
given position Zij will equal zero, so all the corresponding elements in the u vectors will 




SEQUENCES FROM FAMILY I OF CELLULOSE BINDING 
DOMAINS AND THEIR SOURCE 
 
The color scheme is chosen simply to make it easy to follow a position. 
 
Sequences 15, 17, 20, 21, 28, 30, 33, and 48 were excluded from PCA analysis.  
 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36
1 T Q S H Y G Q C G G I G Y S G P T V C A S G T T C Q V L N P Y Y S Q C L
2 T Q S H Y G Q C G G I G Y S G P T V C A S G T T C Q V L N P Y Y S Q C L
3 T Q T H Y G Q C G G I G Y S G P T V C A S G T T C Q V L N E Y Y S Q C L
4 T Q S H Y G Q C G G I G Y S G P T V C A S G T T C Q V L N P Y A S Q C L
5 T Q S H Y G Q C G G I G Y S G P T V C A S G T T C Q V L N P A Y S Q C L
6 T Q S H A G Q C G G I G Y S G P T V C A S G T T C Q V L N P Y Y S Q C L
7 T Q T H Y G Q C G G I G Y S G P T Q C V S G T T C Q V L N P F Y S Q C L
8 T Q T H Y G Q C G G T G W T G P T R C A S G Y T C Q V L N P F Y S Q C L
9 - - S E W G Q C G G I G W T G P T T C V S G T T C T V L N P Y Y S Q C L
10 - - - H W G Q C G G I G W S G P T I C V S P Y T C Q V L N P Y Y S Q C L
11 T Q T H Y G Q C G G Q G W T G P T A C A S P Y T C Q V L N P W Y S Q C L
12 - Q S H Y G Q C G G I G Y S G P T V C A S G T T C Q V L N P Y Y S Q C L
13 - Q S H Y G Q C G G I G Y S G P T V C A S G T T C Q V L N P Y Y S Q C L
14 - - A H W G Q C G G Q G W T G P T T C A S G T T C T V V N P Y Y S Q C L
15 - - S H Y G Q C G G Q G W T G P T T C A S G F T C T V I N P Y Y S Q C L
16 - - - H W G Q C G G Q G W T G P T T C V S G T T C T V V N P Y Y S Q C L
17 - - A H W G Q C G G Q G W T G P T A C A S G F T C T V V N P Y Y S Q C L
18 - - - - W G Q C G G N G W T G P T V C A S G S T C T V L N P Y Y S Q C I
19 T Q T L Y G Q C G G S G W T G P T A C A S G A T C K V L N S Y Y S Q C L
20 - - A H W G Q C G G I G W N G P T T C V S P Y A C Q V F N P Y Y S Q C L
21 T Q S K W G Q C G G S G W T G P T A C A S G S T C S S A N P W Y S Q C L
22 - - - - - G Q C G G I G Y T G P T T C A S P T T C H V L N P Y Y S Q C -
23 - - - H Y G Q C G G I G W T G P T T C A S P Y T C Q K L N D Y Y S Q C L
24 - - - K W G Q C G G I G W T G P T T C V S G T T C Q K L N D W Y S Q C L
25 T Q T A Y G Q C G G R N W T G P T A C A S G S T C K T W N P Y Y S Q C V
26 T Q T H W G Q C G G Q G W T G P T Q C E S G T T C Q V I S Q W Y S Q C L
27 - - - H W G Q C G G N G W T G P T T C V S P Y T C Q V V N P Y Y S Q C L
28 - Q T H W G Q C G G T G Y S G P T A C A P P Y T C K A Q N P Y Y S Q C L
29 T A A Q W A Q C G G M G F T G P T V C A S P F T C H V L N P Y Y S Q C -
30 T Q T H Y G Q C G G M Y Y T G P T V C A S P Y T C H V Q N Q Y Y S Q C L
31 T Q T L Y G Q C G G S G Y S G P T R C A P P A T C S T L N P Y Y A Q C L
32 - - - H W A Q C G G V G Y S G P T A C A S P Y T C K V Q N D Y Y S Q C L
33 - - A H W G Q C G G N G W T G P T V C A S G Y T C T V V N A W Y S Q C L
34 - Q T V W G Q C G G I G W S G P T S C A P G S A C S T L N P Y Y A Q C I
35 - Q T V W G Q C G G I G W S G P T N C A P G S A C S T L N P Y Y A Q C I
36 - Q T V W G Q C G G I G W S G P T N C A P G S A C S T L N P Y Y A Q C I
37 - Q T V W G Q C G G I G W S G P T N C A P G S A C S T L N P Y Y A Q C I
38 - Q V K Y G Q C G G S G W T G P T L C E S G S T C Q V Q N Q W Y S Q C L
39 - - - - W G Q C G G Q G Y T G P T A C V S G T T C K A Q N P Y Y S Q C L
40 - - - - W G Q C G G Q G Y S G P T A C V S G T T C K A Q N P Y Y S Q C L
41 - - - - Y Q Q C G G I G W T G A T T C V S G A T C T V L N P Y Y S Q C L
42 - - E H W G Q C G G N G W T G P T A C A S G Y T C T V I N E W Y S Q C L
43 - - A H Y Y Q C G G I N Y S G P T T C E S G Y T C V K Q N P Y Y S Q C L
44 - - A K Y G Q C G G L T Y T G P T T C V S G T T C T A L N D Y Y S Q C L
45 T Q T K Y G Q C G G Q G W T G A T V C A S G S T C T S S G P Y Y S Q C L
46 - - S Q W G Q C G G Q G W S G P T C C P S G T T C Q L Q N A W Y S Q C L
47 - Q S V W G Q C G G Q G W S G A T S C A A G S T C S T L N P Y Y A Q C I
48 - - - K W G Q C G G I G W N G P T T C V S G S I C Q K V N D W Y S Q C L




No.  Enzyme 
1 T reesei CBH1 
2 T. viride 
3 Trichoderma sp. XST1 CBH1 
4 T reesei CBH1 mutated 
5 T reesei CBH1 mutated 
6 T reesei CBH1 mutated 
7 Hypocrea virens 
8 Hypocrea lixii CBH 
9 P Chrysoporium exocbh 
10 endo-1,4-xylanase D [Penicillium funiculosum] 
11 endo-1,4-xylanase D Penicillium funiculosum 
12 endoglucanase [Aspergillus fumigatus Af293] 
13 unnamed protein product [Sordaria macrospora] 
14 xylanase/cellobiohydrolase [Penicillium funiculosum] 
15 1,4-beta-D-glucan-cellobiohydrolyase, putative [Talaromyces stipitatus] 
16 cellobiohydrolase I [Penicillium occitanis] 
17 1,4-beta-D-glucan-cellobiohydrolyase, putative [Penicillium marneffei] 
18 unnamed protein product [Podospora anserina] 
19 glycosyl hydrolase family 45 protein Neosartorya fischeri] 
20 endo-1,4-beta-xylanase, putative [Penicillium marneffei] 
21 xylosidase/glycosyl hydrolase, putative [Neosartorya fischeri] 
22 CBHI [Volvariella volvacea] 
23 cellobiohydrolyase [Aspergillus fumigatus] 
24 endo-1,4-beta-xylanase [Aspergillus fumigatus] 
25 Glycosyl hydrolase family 61 [Neosartorya fischeri] 
26 acetyl xylan esterase [Hypocrea jecorina] 
27 endo-1,4-beta-xylanase, putative [Talaromyces stipitatus] 
28 endoglucanase, putative [Penicillium marneffei] 
29 cellulase [Irpex lacteus] 
30 endoglucanase, putative [Talaromyces stipitatus] 
31 endoglucanase IV [Hypocrea jecorina] 
32 endoglucanase 1 [Penicillium echinulatum] 
33 acetyl xylan esterase, putative [Neosartorya fischeri] 
34 endoglucanase II [Trichoderma viride] 
35 endoglucanase III [Trichoderma viride] 
36 endoglucanase III [Hypocrea jecorina] 
37 endoglucanase II [Hypocrea jecorina] 
38 glycoside hydrolase family 5 [Nectria haematococca] 
39 endoglucanase I [Penicillium oxalicum] 
40 endoglucanase I [Penicillium decumbens] 
41 cellulose-binding beta-glucosidase [Phanerochaete chrysosporium] 
42 acetyl xylan esterase [Aspergillus fumigatus] 
43 endoglucanase/cellulase, putative [Aspergillus flavus] 
44 family 61 endoglucanase [Phanerochaete chrysosporium] 
45 cellulase CEL7A [Lentinula edodes] 
46 exoglucanase [Verticillium albo-atrum] 
47 cellobiohydrolase II [Acremonium cellulolyticus] 
48 endo-1,4-beta-xylanase, putative [Neosartorya fischeri] 
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